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Soil systems are residence to perhaps the most diverse biological 
communities on Earth, composed of thousands of distinct microbial populations, 
each typically representing a small fraction of the total community. These 
complex biological systems play an important role in numerous ecosystem 
functions that are vital to humans and other organisms, such as nutrient cycling, 
organic matter stabilization, food and fiber production, water quality maintenance, 
and waste remediation. Anthropogenic induced changes to the environment, 
such those resulting from climate change, global nitrogen deposition, or land 
conversion for agroecosystem use, threaten to impair or alter these important 
functions. How soil communities respond or adapt to such globally prevalent 
disturbances remains poorly understood. Hence, there is an imminent need to 
evaluate soil functioning and resilience under different types of environmental 
change in order to better assess their long-term impacts. The results of such 
efforts could inform policy and lead to improved land management practices 
aimed at mitigating the negative consequences of environmental change.  
In particular, it remains unclear how climate warming will change long-
term global soil carbon (C) storage. Soils harbor a massive reservoir of C that is 
several times greater than the amount present in the atmosphere, mostly in the 
form of organic C (OC) materials susceptible to microbial degradation. There is 
growing concern that climate warming will stimulate microbial activities involved 
in C release, which has motivated research efforts into studying the effects of 
climate change on soil systems. Due to their importance in global C cycling and 
anticipated responsiveness to rising temperatures, efforts have also been made 
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to represent microbial soil C turnover processes into climate models. But 
because our current understanding and representation of these processes are 
inadequate, model projections are highly variable and considered to be of low 
confidence. These challenges highlight how an improved understanding of soil 
systems and their microbial inhabitants is necessary for improving predictions of 
future climate change. Chapter 1 covers many of the outstanding challenges 
regarding modeling of soil C dynamics in greater detail. 
Our ability to study and predict soil microbial responses is hindered by the 
enormous diversity and unculturability of soil microorganisms. However, a new 
generation of advanced ‘omics techniques (e.g., genomics, transcriptomics, 
proteomics) provides improved methods for investigating how taxonomic, 
genetic, and functional attributes of soil microbiota respond to global change 
factors and how these responses relate to measured processes rates (e.g., CO2 
and CH4 emissions). Making use of these techniques, we have investigated soil 
microbial communities from several ecosystems and their responses to relevant 
climate change factors over time under both field and laboratory incubation 
conditions. These investigations have included, for instance, soil communities 
inhabiting tropical rainforests where plant CO2 uptake is high, but where C 
cycling is also often constrained by phosphorus (P) availability (Chapter 2). Soil 
microorganisms are essential to inorganic P mobilization and organic matter 
turnover, but C-P-coupled biogeochemistry in tropical soils remains an 
underexplored area of research. Our investigation of these systems involved 
quantifying respiration between soils with varying degrees of P limitation and 
elucidated major physiological mechanisms underlying P-mediated OC turnover. 
As part of a 5 year climate change experiment conducted in a semi-arid, 
temperature-limited steppe, we revealed how warming stimulates microbial 
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mechanisms involved in C release, but also how increased precipitation expected 
in this ecosystem could counteract C loss through increased plant productivity 
and OC inputs to the soil (Chapter 3). Similarly, we have investigated microbial 
communities of Alaskan tundra soils, where C stocks are considered to be 
particularly vulnerable to rising temperatures, which have undergone 
experimental warming in situ (~1-2 °C above ambient) for several years. Deep 
sequencing of these communities allowed for a unique opportunity to assess the 
extent of their natural diversity, and for comparison with soil communities 
inhabiting temperate regions (Chapter 4). These datasets also facilitated the 
recovery of several genomes representing novel taxa, many of which were found 
to be widespread throughout the surrounding ecosystem. Through time series 
monitoring of these soil communities, we identified how future warming can be 
expected to stimulate their functions involved in CO2 and CH4 emissions 
(Chapter 5). Our studies demonstrated not only the rapid responsiveness of 
tundra soil communities to rising temperatures, but also how contrasting modes 
of response can be expected at different depth profiles, such as recently thawed 
permafrost vs. pre-existing active layer communities. Such contrasting responses 
also accentuate the potential shortfalls of estimating ecosystem-wide responses 
with oversimplified expressions commonly used by climate models.  
These investigations contribute to an improved understanding of the 
diversity and functionality of terrestrial soil microbial and their responses to 
changing temperatures, precipitation patterns, and nutrient conditions. Such 
genomic indicators and physiological responses reported in these investigations 
have helped lay the necessary groundwork for further experimentation, in 
addition to broadening our understanding of soil microbial communities 
indigenous to each of these highly unique ecosystems. 
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CHAPTER 1: TOWARDS AN IMPROVED REPRESENTATION OF 
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1.1. Introduction to climate change, the global carbon cycle, and soils 
The acceleration of global climate change, driven primarily by a ~50% 
increase in atmospheric carbon dioxide (CO2) levels from the preindustrial era to 
modern day, remains one of the greatest scientific and political concerns of the 
21st century (IPCC 2014). Current CO2 concentrations surpass those from any 
point in the past 800,000 years, which remained at or below 300 ppm (Lüthi et 
al., 2008), and may even reflect the highest point in 2.4 - 3.3 million years (Tripati 
et al., 2009). Anthropogenic fossil fuel consumption and land use change are the 
main drivers of this increase; with cumulative C release estimated as 570 ± 70 
Pg C (Joos and Spahni 2008; Le Quéré et al., 2014). However, this amount is 
much greater than what is reflected by increased atmospheric CO2. The 
discrepancy is primarily attributed to two substantial negative feedbacks 
mitigating atmospheric CO2 influx: enhanced CO2 fertilization of terrestrial plants 
and uptake by marine systems. Each of these mechanisms has offset 
atmospheric CO2 increase by 25-30%, and together mitigates approximately half 
of all C emissions (Le Quéré et al., 2014). 
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Terrestrial primary producers use approximately 46% of this fixed organic 
carbon (OC) for their own consumption, while the remainder enters the soil 
organic C (SOC) pool as detritus. There, it is susceptible to decomposition by 
heterotrophic microorganisms. However, SOC can persist as undegraded plant 
carbon, microbial biomass or necromass, metabolic by-products, and a variety of 
other compounds. As a result, soils harbor a substantial amount of C, two-thirds 
of which is the form of undegraded organic matter (Ciais et al., 2013). It has been 
estimated that the amount of C stored in arctic tundra soils alone, which make up 
just ~16% of Earth’s land surface, is greater than the amount of aboveground 
plant and atmospheric C combined (~1,672 Pg C) (Tarnocai et al., 2009). 
Microbial respiration of SOC results in an annual C flux of 60 - 75 Pg C, which is 
over an order of magnitude larger than the current ~4.3 Pg annual increase in 
atmospheric C (Ciais et al., 2013; Le Quéré et al., 2014). Due to the delay 
between elevated greenhouse gas concentrations and expected maximum 
warming response, biological responses to elevated temperatures and CO2 can 
proceed for centuries, even if C emissions were to abruptly cease (Zickfeld and 
Herrington 2015). Hence, changes to soil C flux could have large implications for 
the global carbon cycle and future climate change, particularly if these changes 
are maintained for long durations. 
The possibility that climate warming will stimulate microbial decomposition 
of SOC, leading to enhanced CO2 and CH4 release, has motivated research 
efforts into studying the direct effects of elevated temperatures on soil systems 
(Zhou et al., 2011). Thus, despite greater sustained production of terrestrial 
vegetation and increased inputs to the soil, the threat of enhanced microbial 
decomposition may reduce the capacity of terrestrial systems to remain a C sink 
or eventually become a source and accelerate climate change (i.e., positive 
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feedback) (Arora et al., 2013; Friedlingstein et al., 2014). Due to a 
disproportionately large C reservoir and comparatively high susceptibility to rising 
temperatures, tundra systems are at particularly high risk of becoming a C 
source (Schuur et al., 2008). However, a change in terrestrial soil carbon storage 
ultimately depends on the balance between photosynthesis, respiration from soil 
heterotrophs, and C soil stabilization over time. An improved understanding of 
the dominant factors regulating the fate of soil C is essential for more accurate 
predictions of future climate change to emerge. 
 
1.2. Inclusion of soil C processes in climate models 
Due to the large interactions between major C pools (e.g., atmosphere, 
terrestrial plants, soils, etc.), many of the most sophisticated and commonly used 
climate models, such as the Earth Systems Models (ESMs), incorporate the 
movement of C between these systems (Ciais et al., 2013). Our ability to predict 
future climate change relies heavily on the adequate portrayal of various 
feedback mechanisms that can amplify or weaken its effects. Soil C feedbacks 
have been regarded as one of the greatest areas of uncertainty in climate 
modeling, comparable perhaps only to the uncertainties surrounding cloud 
feedbacks (Gregory et al., 2009; Friedlingstein et al., 2014). This is attributed not 
only to the large reservoir of C stored in soils, but also to an inadequate 
representation of soil C processes by climate models. While the past few 
decades have resulted in a much-improved portrayal of the physical mechanisms 
involved in climate change by ESMs (Knutti and Sedláček 2013; Flato et al., 
2013; Stocker et al., 2013), the representation of soil C turnover has essentially 
remained unchanged (Jenkinson et al., 1991; Todd-Brown et al., 2014). This lack 
of progress is despite recent technological breakthroughs during the same period 
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that have propelled our ability to investigate and better understand soil microbial 
processes involved in C cycling (e.g., high-throughput DNA sequencing and 
other emerging molecular-based approaches). Microbial activities mediating the 
release of C are commonly implied as a first-order response curve, where the 
time taken to decompose a fraction of SOC increases with elevated temperatures 
(Todd-Brown et al., 2013; Todd-Brown et al., 2014; Sierra et al., 2012; Xia et al., 
2013). Some models include a more complex representation of soil C dynamics 
than others, involving two or more C pools with contrasting decomposability, 
moisture, texture, and other soil properties (Luo et al., 2016). When attempts are 
made to include these simple portrayals of soil microbial response into ESMs, 
estimates of warming-induced changes occurring between now and 2100 range 
from a slight increase in soil C to one-third of the total stock emitted (Arora et al., 
2013; Friedlingstein et al., 2014; Cox et al., 2013). There is also low confidence 
that the range or aggregate mean of these projections hold any significance, 
because the representations of soil processes common amongst model 
implementations are inadequate (Bradford et al., 2016). Thus, there is a need to 
better understand the mechanisms governing SOC turnover and persistence, so 
they can be identified and scaled for use in ESMs. Such advancements are 
necessary for reducing uncertainty in future SOC stock projections.  
 
1.3. Persisting uncertainties regarding soil temperature sensitivity  
One major implicit representation of soil microorganisms in climate models 
is through Q10, a parameter describing the increase in soil respiration coinciding 
with a 10 °C increase in temperature, which has been thought to scale up well for 
capturing macro-level patterns of response (Davidson and Janssens 2006; Lloyd 
and Taylor 1994). However, when using field data-informed Q10 across a broad 
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range of climate model estimates as part of the Couples Model Intercomparison 
Project Phase 5 (CMIP5), projected changes to soil C storage by 2100 ranged 
from -70 to 250 Pg (Todd-Brown et al., 2014). Further, while this portrayal of soil 
C temperature-sensitivity seems to fit the behavior of soils well over short 
durations, a recent synthesis of various global warming experiments implies that 
implementation of Q10 is potentially inadequate (Carey et al., 2016). This is 
because of a broad decline in temperature sensitivity around 25 °C observed for 
most soils, after which respiration rates seemingly reverse. A common decline in 
soil moisture with elevated temperatures accounted for some of this reduction, 
but a similar decline in response was nonetheless observed even under the 
wettest conditions. Use of Q10 infers an exponential increase in respiration with 
rising temperature, and the synthesis by Carey et al., 2016 demonstrated how 
this relationship does not hold across the full temperature range. Thus, ESMs 
implementing Q10 could be overestimating respiration rates. 
Another major finding by Carey et al., 2016 was that several years of 
experimental warming of various soils did not result in altered temperature 
sensitivities. This could lead one to conclude that microbial communities may not 
acclimate nor become optimized to higher temperatures. However, it was also 
demonstrated that a vastly different threshold for reduced respiration was 
observed for desert ecosystems (at 55 °C vs. 25 °C for almost all other 
environments). The authors attributed this conflicting result to two possible 
explanations: either plant and microbial species inhabiting deserts are 
physiologically adapted to higher temperatures, or because of the comparatively 
greater role of UV in photodegradation of organic compounds in these systems 
(Balser and Wixon 2009; Austin and Vivanco 2006). The former explanation 
conflicts not only with the notion of 25 °C representing a near-universal 
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temperature optimum, but also with the unchanging temperature sensitivities of 
soils subjected to several years of experimental warming. Not represented in this 
synthesis were experimentally warmed tropical soils, for which no datasets 
existed at the time of writing. Tropical rainforests at the equator support some of 
the greatest rates of primary production and have an average annual 
temperature of up to 30 °C, beyond the abovementioned suggested thermal 
optimum. A universal decline in respiration rates past 25 °C contradicts how SOC 
is more rapidly consumed in tropical forest soils compared to those in temperate 
forests, despite having mean annual temperatures at or exceeding 25 °C and 
extremely high productivity rates (Wang et al., 2018). The notion that optimal 
temperature responses are disconnected from microbial physiological 
adaptations also conflicts with a multitude of studies demonstrating how enzymes 
of microbiota reflect local temperature constraints, such as those encoded by 
psychrophilic taxa adapted to more frigid conditions (D'Amico et al., 2006).  
The greatest experimentally-induced average temperature increase of any 
biome used in the synthesis was 1.9 °C (for grasslands). Topsoils can 
experience a broad range of seasonal temperature variation, and thus, could 
possess microorganisms uniquely adapted to different points across this range. 
The magnitude of temperature increase used in most of these warming 
experiments likely does not place soil microorganisms far outside of their 
traditional temperature range except during seasonal extremes. With this in mind, 
the majority tundra habitats have already experienced a 2 - 4.2 °C temperature 
increase during the past half-century alone (2008-2017 vs. 1950-1980 base 
period) (Hansen et al., 2010; GISTEMP Team, 2018), and it is expected that 
these temperatures will further increase. Accelerated warming over the past fed 
decades in northern high-latitude regions has resulted in rapid permafrost 
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degradation (Schuur et al., 2008; Schuur et al., 2009). It has been projected that 
permafrost will further recede by 30-70% by the end of the 21st century 
(Lawrence et al., 2012). Microbial decomposition of previously preserved 
permafrost C represents a potential feedback that could be particularly potent, 
because thawing induced by warming can also make permafrost a substantial 
methane source (Liebner and Wagner 2007; Schuur et al., 2008; Schuur et al., 
2009). Methane concentrations have been increasing over the past decade, and 
this is likely due to, at least in part, to warming-induced release of methane from 
tundra soils. Also in contrast to the suggestions of Carey et al., 2016 that 
microbial communities to not adapt to increased temperatures, a previous 
incubation involving high latitude soils found that respiration temperature 
sensitiveity increased by a factor of 1.4 following a 90 day adjustment period 
(Karhu et al., 2014).  While it can be assumed that incubation conditions do not 
reflect community adaptations that would occur in natural systems, partly 
because such conditions don’t allow for the migration of new members, an 
adjustment of the existing community was observed nonetheless. Hence, 
whether adaptation plays a negligible role in long-term community 
temperature response should be evaluated further. This should involve 
experiments using greater temperature increases over greater durations, 
with a particular focus on temperature-constrained habitats. 
Tropical systems remain poorly represented by long-term field warming 
experiments, perhaps because of an assumed absence of temperature 
constraints. However, such experiments, particularly in the warmest regions at 
equatorial rainforests, could provide important insight on how C cycling might 
change at very high temperatures, and specifically, whether a global ~25 °C 
optimum for respiration exists and can be exceeded. Inclusion of tropical soils 
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could also facilitate cross-biome comparisons to elucidate broad ecological 
patterns between soils subject to different temperatures or rates of aboveground 
production. The above discrepancies highlight areas of outstanding uncertainty 
regarding long-term temperature responses of soils.  
While making inferences about community adaptations to elevated 
temperatures, another outstanding problem is the ability to discern between short 
and long-term responses induced by warming. In most warming experiments, 
soils are typically subjected to a prolonged period of elevated temperatures, 
usually years, after which experimentally warmed or unwarmed soils are 
collected at the same time for evaluation and compared. As soil communities are 
undoubtedly responsive to seasonal fluctuations in the environment, it can be 
expected that there exist natural fluctuations in the composition and functioning 
of these communities. Thus, it is possible that short-term responses in 
community structure as a result of warming occur, and that they may also be 
overlap in structural and physiological responses between warmed and 
unwarmed soils when temperatures are comparable (i.e., at different points in the 
year). Through an improved evaluation of natural intra-annual responses, these 
seasonal fluctuations could be distinguished from the long-term effects of 
warming, allowing for better interpretations regarding the effects of warming to 
emerge (i.e., on microbial community structure, and how this relates to observed 
ecological patterns and physiological response). 
 
1.4. Improving soil C predictions for when bottom-up controls are weaker 
The importance of bottom-up controls over SOC (e.g., environmental 
conditions, such as temperature) is well established and remains a common 
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focus of research and modeling efforts. For instance, low temperatures constrain 
the turnover of plant detritus, causing these materials to accumulate and persist 
in frigid tundra soils, as has been validated empirically (Hofle et al., 2013). For 
habitats with fewer bottom-up controls, the dominant mechanism of SOC 
persistence has traditionally been summarized as preferential consumption of 
labile plant compounds and an accumulation of comparatively more recalcitrant 
plant compounds (Berg and McClaughery 2010; Waksman 1936). In either case, 
the common portrayal of SOC is that its persistence depends on environmental 
conditions or inherent chemical properties that restrict its decomposition. The 
contribution of microbial processed and biosynthesized OC has always been 
recognized, but only recently have these materials been suggested to represent 
a dominant, or even, the dominant mechanism of OC formation and persistence. 
There is accumulating evidence that SOC is dominated by microbially-processed 
materials in systems without strong bottom-up controls (Paul 2016). It was 
recently shown that C- and microbe-free soils supplied with simple carbon 
substrates and inoculated with microorganisms from natural soil eventually 
displayed a broad chemical profile, including aromatics, protein, lipids, chitin, 
phenolics, and polysaccharides, roughly reflecting the broad chemical 
composition of field soil after a period of just 18 months (Kallenbach et al., 2016). 
It has further been suggested that as much as 80% of SOC may actually reflect 
microbial biomass, necromass, and metabolic by-products of microbial 
metabolisms in certain soils (Liang and Balser 2011).  
Studies examining the effects of accelerated soil respiration (due to 
warming or other factors) have demonstrated a common pattern, where 
enhanced SOC turnover does not confer to a linear increase in accumulated 
microbial products. These observations have been attributed to a few possible 
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underlying mechanisms that are somewhat overlapping in their implications. For 
instance, it has been suggested that warming can decrease microbial growth 
efficiency (MGE) by increasing the cost of maintaining existing biomass at higher 
temperatures (Manzoni et al., 2012; Sinsabaugh et al., 2013; Dijkstra et al., 
2011). Enhanced decomposition has also been associated with greater microbial 
turnover (Sinsabaugh et al., 2013). Use of isotope labeled substrates allowing for 
MGE and rates of microbial turnover to be evaluated separately implied that 
enhanced microbial turnover was the prevailing response to elevated 
temperatures that facilitated enhanced SOC turnover (Hagerty et al., 2014). A 
positive relationship between microbial biomass C and accelerated microbial 
turnover with increased respiration has also been reported (Kaiser et al., 2014). 
Another way to evaluate the activity-biomass relationship is through the microbial 
metabolic quotient (MMQ), which is defined as microbial respiration per unit 
biomass (Anderson and Domsh 1993). A recent study demonstrated how 
increasing MMQ at elevated temperatures is a globally widespread phenomenon 
across different soils and was also correlated with soil texture (Xu et al., 2017). 
As environmental conditions become less constraining and plant inputs 
increase (as is typically the case with warmer temperatures and elevated CO2), 
causing the composition of SOC to shift from undegraded plant to microbial 
materials, the question becomes, “what controls the persistence of microbially 
processed SOC?”. The mechanisms that limit SOC accumulation as assimilated 
microbial biomass and by-products, in particular, remains an area of uncertainty 
and is not well reflected by current ESM implementations. This is an important 
topic to address, because rising temperatures and enhanced plant productivity is 
expected for the majority of habitats. One commonly overlooked factor potentially 
governing these responses is the turnover of microbial compounds undoubtedly 
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facilitated by other organisms responsible for their decomposition, such as 
micropredators and scavengers. Such life strategies could be more resource 
intensive than in other environments, such as aquatic systems, due to the need 
to navigate throughout a complex soil matrix in search of microbial prey and 
necromass. Thus, the involvement of these taxa in C turnover is then likely 
dependent on the density of other cells, such as those of primary consumers. 
Studies of experimentally warmed soils found inconsistent responses in the 
abundances of predator and grazer organisms as an effect of warming 
(Blankinship et al., 2011). However, representation of predator abundance was 
limited to soil fauna, which neglects the role of predator-prey relationships that 
might exist between different bacterial groups. 
Although soil bacterial predator-prey interactions remain largely 
underexplored, the complex strategies required might be well reflected in the few 
bacterial micropredators that have been intensively studied, one being 
Myxococcus xanthus. Myxobacteria are ubiquitous in soils, having been found on 
every continent, excluding Antarctica, and are estimated to make up 0.4% to 
4.5% of all soil Bacteria based on a collection of 182 soil samples (Zhou et al., 
2014). Myxobacteria are obligate social predators known to hunt in ‘wolf-packs’. 
During periods of starvation, myxobacteria populations on the order of 100,000 
cells form a complex fruiting structure while waiting for prey to accumulate in the 
surrounding environment (O'Connor and Zusman 1989). When molecular signals 
released by potential prey accumulate to sufficient levels, the bundle of 
myxobacteria cells become active and swarm outwards in all directions. While 
doing so, they secrete a wide array of antibiotics and digestive enzymes that can 
allow for the complete digestion of both gram-negative and gram-positive prey 
(Berleman et al., 2014). These social predators even exhibit phenotypic 
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differentiation, with individual cells conferring different functions as a suggested 
division of labor (van Vliet and Ackermann 2015). After digestion of surrounding 
prey is completed and the cells begin to experience starvation, they secrete 
chemicals signaling for the swarm to congregate and reform the fruiting structure. 
There, they become dormant again and wait for local prey to replenish before 
repeating this process (Dahl et al., 2011). This coordination between cells in 
forming the fruiting body is an energy intensive process, causing up to 90% of 
cells to undergo autolysis to provide sustenance for other cells between cycles of 
dormancy and predation. Another well-studied bacterial micropredator, 
Bdellovibrio bacteriovorus, is ubiquitous in bulk and rhizosphere soils (Jurkevitch 
et al., 2000), and exhibits a predatory pattern very different to that of 
myxobacteria (Sockett 2009). Bdellovibrio cells are comparatively smaller, 
allowing them to grow and replicate within the periplasm of larger prey, using 
their cytoplasmic contents and cell structures as an obligatory source of energy 
and nutrients (Hespell et al., 1973). Due the high complexity of soil microbial 
communities and the existence of small and large predators possessing 
contrasting strategies of predation, it is highly possible that soils feature a 
cyclic (non-unidirectional) food web that can serve as a funnel for energetic 
resources, driving C loss from the system under conditions of biomass 
accumulation. 
If environmental controls do not limit heterotrophic consumption of plant-
derived OC inputs, perhaps the SOC pool itself becomes self-limiting as a result 
of density-dependent trophic interactions. Such an overlooked dynamic could 
have big implications for soil C cycling, serving as an inherent control over soil C 
accumulation. This would not necessarily imply that such interactions constrain 
the activities of primary consumers; instead, it could cause the opposite. 
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Competition for physical space or limiting nutrients resulting from overcrowding of 
primary consumers could impair the further degradation of plant materials. Such 
a result was observed in experimentally warmed Harvard Forest and Duke Forest 
soils, where warming-induced increases to soil respiration were strongly 
facilitated by the presence of soil predators (but like other studies, this 
assessment was limited to invertebrate organisms and did not include bacterial 
predators) (Pelini et al., 2015). It is highly likely that previous observations of 
increased plant inputs, temperatures, or otherwise elevated soil respiration 
resulting in lower MGE and increased microbial turnover could be more directly 
attributed to an expanding food web. While there is some overlap in these 
interpretations and potential similarity in how they could be modeled to predict 
soil C dynamics, incomplete theory and indirect evaluation does not help much in 
reducing imprecision and uncertainty. 
The representation of soil C loss stemming from trophic level energy 
transfer may seem too burdensome for implementation in ESMs. However, what 
if the general trends underlying these ecological mechanisms could be captured 
in a very simple way, and made use of information already collected for 
estimating the bottom-up controls on plant OC turnover?  This could involve a 
model framework that includes microbial cell density (i.e., microbial biomass 
carbon), as well as the major factors affecting micropredation efficiency (e.g., 
texture, moisture, nutrient limitation). With inclusion of these variables, perhaps 
the presence of some broadly-scalable macro-level pattern would be observed. 
Implementation of this component could account for uncertainties that arise for 
environments with fewer bottom-up limitations and increased decomposition of 
plant matter does not result in a linear increase to measured microbial materials. 
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Efforts should be undertaken to see if such patterns prevail and to 
determine how applicable they are between soils. For this, soils could be 
amended with isotope labeled organic substrates of varying input designed to 
both underwhelm and overwhelm the soil community and evaluated with 
continuous measurements of soil respiration and microbial biomass. With a time 
series evaluation of communities enriched with the isotopically labeled substrates 
(e.g., using DNA sequencing approaches), one could evaluate the flow of carbon 
through a food web. Microbiota enriched in later time points after the substrate 
has been depleted and in the overwhelmed system are likely to represent soil 
micropredators and scavengers. The abundances and/or activities of these 
micropredators could then be related to measured microbial turnover rates or 
MGE. If such a relationship between microbial turnover or MGE and enrichment 
of soil predators is established, soils with different properties limiting or facilitating 
predation (i.e., texture, moisture) could then be used to assess if and how the 
underlying mechanisms could be incorporated into a common model framework. 
Additionally, use of fluorescent in situ hybridization (FISH) probes could be used 
to validate predator-prey predictions inferred through co-occurrences patterns or 
isotope label enrichment. However, application of FISH to study soil microbiota 
has been challenging, as weak signal intensities and high levels of 
autofluorescence emitted by soil particles and plant tissue make it difficult to 
discriminate between targeted microbial cells and other molecules in the soil 
environment (Briones et al., 2002; Bloemberg 2007; Buddrus-Schiemann et al., 
2010). Further advancements in methods for use of FISH to study soil microbiota 
would better facilitate the widespread adoption of these techniques.  
One important consideration in the effects of predator-prey relationships 
on soil C storage is the role of soil community diversity. While the well-studied 
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Myxococcus xanthus appears to have low prey specificity, this may not be true 
for all or even most micropredators. The effect of highly specific predator-prey 
associations could be reduced by higher levels of community diversity, where the 
cell density of unique prey populations would typically be lower, leading to an 
overall constraint on predation and increase in soil C storage. Alternatively, a 
greater diversity of organisms could select for predators with lower prey 
specificity, and thus, lower overall metabolic efficiency, causing greater C loss for 
each trophic-level transfer of materials and energy.  
Capturing SOC dynamics representing the most essential processes and 
interactions that are globally-scalable in order to remain manageable for 
parameterization in ESMs remains an ongoing challenge. However, current 
models do not adequately depict SOC turnover rates, particularly when 
environmental constraints are reduced and organic inputs are high, and thus, 
their projections probably do not match what can be expected from long-term 
outcomes. Others have found associations between enhanced microbial activity 
and CUE or microbial turnover rates, or even interpreted these observations as 
differences between copiotrophic and oligotrophic life strategies. We 
hypothesize that density-driven trophic level energy transfer may represent 
a major constraint on SOC that becomes increasingly relevant when 
bottom-up controls are alleviated and OC inputs are high, and can explain 
these common, overlapping observations of previous studies.  
 
1.5. Adequate representation and inference of soil microbial materials  
Recent advances in the recovery and characterization of microbial 
materials (DNA, proteins, transcripts, etc.) have revolutionized the study of 
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environmental systems. For instance, in the case of soil C storage, they can be 
used to infer the lifestyles and responses of organisms acting as the primary 
mediators soil C release. However, despite the vast number of studies now 
making use of these ‘omics techniques to address a variety of ecological 
questions, the degree to which recovered materials adequately reflect the original 
environmental sample remains speculative (Nesme et al., 2016). Despite 
hundreds of published articles evaluating community structure from recovered 
DNA, the determined structures have not been validated. This is also problematic 
because no benchmark allows for the complete assessment of biases that arise 
between differenct workflows. For instance, a direct comparison of community 
composition from the same soil collection using several different DNA extraction 
techniques found that the number of bacterial genera recovered differed from 
~50 to 200 (Delmont et al., 2010). By pooling together DNA isolated from 
different methods, there was a further 80% increase in total genera richness. It 
has also been shown that the kit used for DNA library preparation (a necessary 
step prior to sequencing) can result in measured abundances of community 
members that differ by a factor of three (based on a mock community of 20 
strains with cells in equal abundances) (Jones et al., 2015). As a separate 
confounding factor in interpreting the relevancy of recovered soil microbial 
materials, a recent study has found that up to 40% of soil DNA corresponds to 
extracellular material that has persisted in the soil habitat for years and can 
inflate bacterial diversity estimates by up to 50% (Carini et al., 2017). Due to the 
more recent nature and methodological difficulties involving transcript and protein 
assessments (i.e., transcriptomics and proteomics), it remains less clear how 
reflective these measurements are of the activities and conditions they are meant 
to evaluate. Biases and inefficiencies resulting from different methodological 
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workflows are even more problematic for efforts aimed at synthesizing 
information across studies, where differences between methodologies 
undoubtedly make datasets less comparable and perhaps intractable.   
Rapidly declining costs of sequencing and more recently developed long-
read technologies are increasing the resolution of DNA-based communities, and 
may eventually reach the point of genome-resolved metagenomes. Yet, such 
advancements in our ability to recover genes and genomes directly from 
environmental samples are beginning to far outpace advancements in our ability 
to characterize what has been recovered. Functional characterization of 
recovered sequences still relies on homology searches against references with 
verified functions. However, very few soil microorganisms have been cultivated, 
so many of their functions remain unknown. For this, improvements in microbial 
isolation techniques and innovative methods to explicitly assign functions to 
genomic elements and individual taxa remain important. But for the study of 
microorganisms that resist isolation for whatever reasons, such as those that 
intimately rely on the co-existence of other taxa, functional assignment may 
require highly advanced techniques to link functions to genes and taxa in-situ. 
The latter could be achieved, for instance, by integrating numerous highly 
resolved data types (RNA, DNA, proteins, chemical constituents, etc.) with 
advanced mathematical and computational techniques in a way that explicitly 
links the different data together with high confidence. Experimental deconvolution 
of complex communities (e.g., via bottlenecking diversity) may help facilitate 
these advancements. Nonetheless, many studies attempting to further our 
understanding of soil C responses to warming make use of these emerging 
technological solutions. Limitations in our ability to infer functioning and draw 
associations between data points are constrained by limitations stemming from 
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the technologies themselves, requiring further advancement in the 
methodological approaches as well as theory. 
 
1.6. Summary and future recommendations 
While the effect of heightened temperatures and carbon dioxide levels on 
other biological and physical systems has become increasingly resolved, our 
understanding of soil microorganisms and their roles in terrestrial C storage is not 
yet sufficient to adequately represent their contributions and responses to climate 
change. As such, several efforts have focused on identifying universal patterns 
that can be useful for implementation in ESMs. One outstanding problem 
remaining is the disentanglement of direct and indirect effect of warming on soil 
microbiota as well as their short vs. long-term responses. Certain vulnerable 
ecosystems, such as tundra habitats, should continue to be studied intensely, as 
the potential for C release from these systems disproportionately large. In 
particular, incorporation of soil C responses into ESMs should prioritize adequate 
representation of thawing permafrost systems. While models continue to focus 
on the bottom-up constraints of SOC turnover, there remains a need to better 
understand what controls the fate of SOC under long-term conditions where 
bottom-up controls are comparatively minor. Emerging research is showing that 
previous ideas regarding SOC formation and persistence may be inadequate to 
address this topic, meaning new ideas are needed to portray and summarize the 
important features involved. Our ability to predict the long-term fate of soil C with 
climate models involves synthesizing emerging theories in microbial ecology, 
representing the most pertinent microbial controls over soil organic matter 
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Tropical ecosystems are an important sink for anthropogenic CO2 
emissions; however, sustained uptake is restricted by phosphorus (P) availability. 
Although soil microbiota facilitate organic P turnover and inorganic P 
mobilization, their role in tropical C-P-coupled biogeochemistry remains poorly 
understood. To advance this topic, soils collected from four sites with varying P 
content in El Yunque National Forest, Puerto Rico were incubated with 
exogenous PO43- under controlled laboratory conditions. P amendment increased 
CO2 respiration by 13.6-23.3% relative to control incubations for soils sampled 
from all but the most P-rich site. Metatranscriptomics revealed an increase in the 
relative transcription of genes involved in cell growth and uptake of other 
nutrients in response to P amendment. A methodology to normalize population-
level gene expression by relative metagenome abundance revealed that P 
constraints on microbial growth were community-wide. Low-P-adapted 
communities were found to possess a greater relative abundance of α-glucosyl 
polysaccharide biosynthesis genes. Phosphorylase genes governing the 
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degradation of α-glucosyl polysaccharides were also more abundant in P-limited 
soils and increased in relative transcription with P amendment, indicating a shift 
from energy storage towards growth. Conversely, microbial communities 
inhabiting P-rich soils were found to have metabolisms tuned for the 
phosphorolysis of labile, plant-derived substrates (i.e., β-glucosyl 
polysaccharides). Collectively, our results provided quantitative estimates of 
increased soil respiration upon alleviation of P constraints and elucidated many 
underlying ecological and molecular mechanisms involved in this response. 
 
2.2. Introduction 
Despite covering <10% of the global land surface, tropical ecosystems 
account for one third of terrestrial net primary productivity and harbor one fourth 
of terrestrial biosphere carbon (C) (Bonan 2008). Tropical ecosystems have also 
played a major role in offsetting much of the anthropogenically-emitted carbon 
dioxide (CO2) through enhanced plant uptake (Bala et al., 2007). However, 
current and sustained CO2 uptake is limited by the availability of other essential 
nutrients, especially phosphorus (P) (Oren et al., 2001; Beedlow et al., 2004; 
Cleveland et al., 2011). In weathered tropical soils where inorganic P content is 
minimal or exists primarily in biologically inaccessible forms, P is often regarded 
as the primary limiting nutrient for biological activities (Vitousek 1984; Tanner et 
al., 1998). While several previous studies have focused on how P availability 
constrains aboveground communities and C cycling, microbial activities involved 
in P cycling and soil organic carbon (SOC) turnover (CO2 release) remain much 
less understood (Turner and Wright 2014).  
Soil P content is traditionally viewed as being dependent on the 
weathering of parent material (rock, minerals) over timescales involving 
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thousands of years. Phosphate molecules released by weathering are usually 
then readily immobilized into insoluble (and thus, biologically inaccessible) forms 
(Brady 1990). Soil organic P (SOP) molecules can comprise a large fraction of 
the total soil P, but their relative significance varies between soil types (Harrison 
1987; Condron et al., 2005; Turner 2008). The release of inorganic phosphate 
from organic forms relies heavily on microbial enzymatic activities. Hence, 
belowground microbial activities are vital to the scavenging of inorganic P and for 
the turnover of P-containing plant and microbial detritus, thereby increasing P 
availability for both plants and microorganisms.  
P content has been found to regulate microbial activities in tropical forests 
(Cleveland et al., 2002; Cleveland and Townsend 2006), and prior studies have 
shown that alleviating P constraints can result in enhanced soil microbial growth 
and activity. For instance, a decade-long P-fertilization experiment in the tropical 
forests of Panama significantly increased microbial biomass carbon (MBC), 
whereas fertilization with other nutrients (N, K, Mg, and Ca) had no significant 
effect on MBC (Turner and Wright 2014). While a 25% increase in fine litter fall 
from added P could have contributed to the observed increase in MBC (Wright et 
al., 2011), another study conducted at an adjacent site found no change in MBC 
when soil was supplemented with doubled plant litter inputs (Sayer et al., 2012). 
Therefore, the increased MBC in these studies is presumably attributable to 
direct microbial P usage. However, a mechanistic understanding of how the 
added P promoted microbial growth and which gene(s) can serve as biomarkers 
for this response remains elusive. Such biomarkers could be important for 
improved modeling and managing of P-limited tropical soil ecosystems. 
Given that other nutrients are present in excess or are otherwise 
biologically obtainable, P-limitation could constrain microbial biomass directly by 
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limiting the de-novo biosynthesis of P-containing ‘cell infrastructure components’ 
(e.g., DNA, RNA, glycerophospholipids, ATP, NADPH, etc.). Cultivated 
microorganisms adapted to P limitation are known to suppress their cell 
replication mechanisms while exhibiting a state of dormancy induced by P 
starvation (Drebot et al., 1990). During states where nutrients, e.g., P, are limiting 
and organic matter substrates are available in excess, microbiota have been 
shown to biosynthesize and accumulate α-glucosyl polymers (such as glycogen, 
trehalose, etc.) to serve as readily accessible energy sources for when nutrient 
conditions improve (Zevenhuizen 1966; Lilie and Pringle 1980). However, it 
remains unclear if the previous findings based mostly on lab-scale experiments 
with microbial isolates apply to in-situ soil conditions involving highly diverse 
substrates and complex traits of microbial communities, or what other traits low-
P-adapted soil microorganisms possess. 
The influence of P on microbial SOC mineralization is also poorly 
understood. Heightened microbial biomass sustained by abundant P resources 
could increase heterotrophic SOC demand, resulting in greater overall 
respiration. However, increased P content could also decrease activities involved 
in P scavenging and turnover. For instance, previous enzyme assay analyses 
conducted on P-limited tropical soils have shown that phosphoesterase activity is 
approximately one order of magnitude greater than those of SOC-degrading 
enzymes and that long-term P fertilization substantially decreases 
phosphoesterase activity (Turner and Wright 2014; Yao et al., 2018). These 
results suggest that P-limited microorganisms devote a large amount of 
resources towards P scavenging. Thus, P availability likely mediates, to an 
extent, the content and composition of organic matter in P-limited tropical forest 
ecosystems through differences in SOP turnover or catabolic and anabolic SOC 
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usage. Yet, many of the corresponding physiological and molecular mechanisms, 
e.g., differences in gene content and transcription related to SOC degradation or 
biomass formation, remain poorly understood. To improve modeling of SOC 
stocks and CO2 emissions in Earth system models and to more accurately 
quantify the future effects and feedbacks of global change factors on tropical 
ecosystems, the mechanistic representation of coupled C-P biochemistry is 
essential (Cavaleri et al., 2015; Holm et al., 2017).  
In this study, we evaluated how low-P and P-rich tropical soils differ in 
their microbial community composition and functioning, and how these 
communities respond to an alleviation of prior nutrient constraints (through the 
addition of a readily available P source). For this, soils were collected from four 
locations in the El Yunque National Forest in Puerto Rico with varying in-situ P 
content. Short-term laboratory incubation experiments were employed to relate 
heightened soil respiration from the addition of exogenous phosphate (P 
amendment) to changes in microbial community structure and transcriptional 
activity (assessed by metagenomics and metatranscriptomics), and to enzyme 
activities involving SOC and SOP mineralization. Our goal was to address the 
following hypotheses: 1) microbial communities in P-limited soils will possess 
traits indicative of such - e.g., more abundant, diverse, and active mechanisms of 
P acquisition or pathways for the retention of organic matter substrates, 2) 
heightened soil respiration resulting from P amendment will be relatable to prior 
in-situ P limitation and to increased expression of genes involved in central 
anabolic and catabolic activities, and 3) multi-omics approaches integrating 
metagenomic and metatranscriptomic datasets (e.g., normalizing transcriptional 
activity to in-situ DNA  abundance) can permit more comprehensive and 




2.3. Materials and methods 
Methods for soil physiochemical determinations and enzyme assays can 
be found in the supplemental material. 
 
2.3.1. Study site description, sample collection, and sample transport 
The Luquillo Experimental Forest within the El Yunque National Forest in 
northeastern Puerto Rico is classified as a subtropical wet forest. Oxisol soils 
weathered from volcaniclastic sediments were collected from 350 masl at the El 
Verde Field Station (18°19'16"N, 65°49'12"W) near the town of Río Grande 
(Silver et al., 1999; Mage and Porder 2013). Ultisol soils weathered from 
volcaniclastic sandstones were collected from 400 masl from the Bisley 
Experimental Watershed near the Sabana Field Research Station (18°19'32"N, 
65°43'44"W) and the town of Luquillo (McGroddy and Silver 2000; Liptzin and 
Silver 2009; Wood et al., 2016). Both locations are associated with the Luquillo 
Long-term Ecological Research network and the Luquillo Critical Zone 
Observatory. The sites receive around 3500mm of rainfall per year and have a 
mean annual temperature of ~23°C. Common forest tree species include 
Prestoea Montana R. Graham Nichols (palm) and Dacryodes excelsa Vahl 
(tabonuco).  
The topography consists of numerous small-scale ridges and valleys 
(Scatena 1989; Mage and Porder 2013). At El Verde (E) and at Bisley (B) 
watersheds, samples were collected from valley (V) and ridgetop (R) locations on 
January 12-13, 2016. Triplicate soil samplings of ~1kg were taken at a depth of 
10cm using a small trowel. The soils were shipped overnight on blue ice to 
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ORNL, where they were stored at 4°C until the start of the incubation 
experiments (<2 weeks after receipt).  
 
2.3.2. Incubation procedure 
For greater experimental replication and to incubate soils promptly after 
sampling, incubation experiments were conducted on two automated 
MicroOxymax Respirometer Systems (Columbus Instruments, Columbus, OH) 
capable of monitoring CO2, including a 20-flask capacity system at Oak Ridge 
National Laboratory (ORNL) and a 30-flask capacity system located at the 
University of Tennessee at Knoxville (UT). For each incubation, ~100g of wet soil 
was added to a sterilized 250mL incubation vessel. Three mL of sodium 
phosphate solution (equivalent to 30µg P g soil-1) was evenly distributed across 
incubation soils; 3mL of molecular grade water was evenly distributed across a 
separate incubation to serve as control. This readily available form of P was used 
in order to study the straightforward and immediate response of soils to an 
alleviation of prior nutrient constraints. Incubations were held at 27ºC, reflecting 
the average daily temperature in the nearby city of San Juan, Puerto Rico from 
May-October (The Southeast Regional Climate Center; http://www.sercc.com). 
The first incubation experiment (conducted at ORNL) lasted for ~6 days and 
included 2 of the 3 triplicate field samplings from each of the four sites to 
compare respiration under control and P-amendment conditions (16 incubations) 
(Figure A-2). Two autoclaved soils and two empty jars were incorporated to 
ensure that measured gases resulted from biological activity. Gas measurements 
were logged every ~2.16 hours. A second incubation experiment was performed 
similarly (conducted at UT), but included all three replicate field samplings (24 
incubations) and lasted ~14 days and gas measurements were logged every 
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~2.96 hours. At the conclusion of each experiment, soil subsamples from each 
jar were immediately subjected to liquid nitrogen prior to storage at -80ºC in order 
to preserve soil community RNA. 
 
2.3.3. Soil RNA and DNA isolation, library preparation, and sequencing 
Soil DNA and total RNA was simultaneously extracted (from samples 
demarcated in Figure A-2) using the RNA PowerSoil Total RNA Isolation Kit and 
the RNA PowerSoil DNA Elution Accessory Kit (MO BIO Laboratories, Inc., 
Carlsbad, CA, USA) according to manufacturer’s protocol, using ~0.5 g of soil for 
each extraction. Total RNA samples were treated with DNase using the TURBO 
DNA-free kit (Ambion, Austin, TX). Elimination of DNA from RNA samples was 
confirmed by PCR amplification of the 16S rRNA gene using universal primers 
8F and 1492R, followed by gel-electrophoresis. RNA integrity was assessed with 
an Agilent 2100 Bioanalyzer instrument (Agilent Technologies, Santa Clara, CA), 
using the Agilent RNA 6000 Pico Kit. Generally, total RNA samples with a RIN 
(RNA integrity number) of <7 (as determined by Agilent Bioanalyzer software) 
were discarded. Following DNA digestion and evaluation of RNA integrity, two to 
four replicate extractions were pooled for each sample in order to obtain enough 
high quality RNA and to overcome high sample-to-sample heterogeneity, which 
is characteristic of soil microbial communities. Ribosomal RNA (rRNA) was 
depleted from total RNA using the Ribo-Zero rRNA Removal Kit (Bacteria) 
(Illumina, San Diego, CA) and cDNA libraries were constructed using the 
ScriptSeq v2 RNA-Seq Library Preparation Kit (Illumina, San Diego, CA) 
according to manufacturer’s instructions, but with two modifications: RNA was 
fragmented for 1 minute instead of 5 in step 3.A, and AMPure XP purification 
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(step 3.F.1) was performed twice in order to reduce the amount of primer-dimers 
generated during amplification of cDNA.  
The quality of each library was inspected on an Agilent 2100 Bioanalyzer, 
using the Agilent High Sensitivity DNA kit. RNA and DNA quantification were 
achieved using Qubit RNA HS Assay Kit and Qubit dsDNA HS Assay Kit, 
respectively (Thermo Fisher Scientific). Dual-indexed DNA sequencing libraries 
were prepared using the Illumina Nextera XT DNA library prep kit according to 
manufacturer’s instruction except the protocol was terminated after isolation of 
cleaned double-stranded libraries. Library concentrations were determined by 
fluorescent quantification using a Qubit HS DNA kit and Qubit 2.0 fluorometer 
(ThermoFisher Scientific) according to the manufacturer’s instructions and 
samples were run on a High Sensitivity DNA chip using the Bioanalyzer 2100 
instrument (Agilent) to determine library insert sizes. DNA and cDNA libraries 
were sequenced at the Georgia Institute of Technology High Throughput DNA 
Sequencing Core on an Illumina HiSeq 2500 instrument in the rapid run mode for 
300 cycles (150 bp paired-end). Additional sequencing of the DNA libraries was 
performed on an Illumina NextSeq 500 instrument, also in the high output mode 
for 300 cycles (150 bp paired-end). Adapter trimming and demultiplexing of 
sequences was carried out by either Illumina instrument. Metagenomic and 
metatranscriptomic datasets were deposited in the European Nucleotide Archive 
under project PRJEB23349. 
 
2.3.4. Bioinformatics data analysis  
Both metagenomic and metatranscriptomic paired-end reads were merged 
using PEAR (Zhang et al., 2014) (options: -p 0.001). All merged and non-merged 
reads were then quality-trimmed with the SolexaQA package (Cox et al., 2010) 
 
 35 
(options: -h 17; >98% accuracy per nucleotide position). Trimmed sequences 
used for downstream functional annotation were truncated to 150 bp to avoid 
read-length biases. SortMeRNA was used with default settings to identify and 
remove residual rRNA sequences from sample metatranscriptomes (i.e., those 
remaining after rRNA subtraction) (Kopylova et al., 2012). Protein-prediction for 
short-reads was performed with FragGeneScan (Rho et al., 2010) (Illumina 1% 
error model). Resulting amino acid sequences were searched against Swiss-Prot 
database (UniProt Consortium 2015; downloaded on 11-27-2016), using blastp 
(BLAST+ version 2.2.28) (options: -word_size 4, cutoff: bit score >55) (Camacho 
et al., 2009). Corresponding gene and enzyme accession IDs for each Swiss-
Prot entry was obtained from http://www.uniprot.org/downloads (downloaded on 
February 28, 2016) to consolidate the annotations. Taxonomic composition was 
determined using 16S rRNA gene fragments recovered from metagenomes using 
SortMeRNA (Kopylova et al., 2012), which were annotated and summarized at 
the phylum-level as described previously (Johnston et al., 2016). Metagenomic 
datasets belonging to the same site (e.g., Bisley Valley) were combined for co-
assembly (combining data from multiple sample metagenomes to increase 
coverage) with idba_ud (Peng et al., 2012) (options: --mink 55 --maxk 123 --step 
4). Resulting contigs >1 kbp were retained for further analysis. Protein-encoding 
genes of the assembled contigs were predicted with Prodigal (Hyatt et al., 2010) 
and were searched against the Swiss-Prot and TrEMBL database as described 
above (UniProt Consortium 2015). 
Metatranscriptomes were checked for DNA contamination by mapping 
short-read transcripts to assembled contigs and determining strand-specificity 
(consistency in sense/antisense orientation) for the 1,000 most transcriptionally-
active genes. Samples with <95% average strand-specificity were not used for 
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analysis; one sample metatranscriptome, El Verde ridge 1 control incubation, 
failed this criterion. 
To evaluate transcriptional activity of cell division and cell wall operons 
(dcw) represented by distinct bacterial populations, the following methodology for 
integrating metagenome and metatranscriptome datasets representing the same 
subsamples was used. First, assembled contigs (from DNA) encoding >5 
sequential genes of the dcw operon, including genes ftsAIQWYZ, murBCDEFG, 
mraY, and ddl, were identified. In an attempt to normalize population-specific 
transcriptional activity to in-situ (DNA) abundance, i.e., a population could show 
differential transcript abundance between samples due to more/fewer cells 
sampled and not necessarily increased/deceased transcription, the 
transcriptional coverage of each individual operon was divided by its DNA 
sequence coverage. Metagenome and metatranscriptome coverage (i.e. the 
mean representation of a contig by matching short-reads) was determined using 
MegaBLAST (Camacho et al., 2009), retaining only reads that matched at >98% 
nucleotide identity, >100bp match, and >90% of the short-read length. 
Relatedness between individual dcw operons was determined by aligning full-
length assembled and reference murG amino acid sequences (obtained from 
Uniprot.org) using MAFFT (Katoh and Standley 2013). Phylogenetic distances 
from the resulting alignment were determined using PhyML 3.0 (Guindon et al., 
2010). Visualization of the resulting murG sequence-based phylogenetic tree(s), 
coupled to the DNA-normalized transcriptional activity, were generated using the 






2.3.5. Statistical analyses 
Paired t-test was performed to evaluate the significance of heightened 
CO2 respiration between control and P-amended incubations for all four sampling 
locations, individually. ANOVA with Tukey’s HSD was used to distinguish 
sampling locations that differed significantly by soil physiochemical indices, 
enzyme activity measurements, and the relative abundances of microbial phyla. 
Further, paired t-test was used to identify significant enzyme activity differences 
between control and P-amended soils from Bisley Ridge and El Verde Ridge. 
Tables with raw counts of genes (based on Swiss-Prot annotations; UniProt 
Consortium 2015) were processed with the edgeR software package (Robinson 
et al., 2010) to identify significant, differentially abundant genes between sample 
groups (ridge vs. valley metagenomes) or treatments (control vs. P-amended 
incubation metatranscriptomes). To better assess transcriptional differences 
resulting from P amendment, a paired design was adopted so that baseline 
differences between sampling sites (i.e., Bisley Ridge vs. El Verde Ridge) were 
subtracted out. P-values from metagenome edgeR analysis were transformed to 
account for false discovery rate using Benjamini–Hochberg correction (Benjamini 
and Hochberg 1995). P-value correction was not performed for 
metatranscriptome results due to the small number of datasets used for 
comparison (primarily due to the difficulty in obtaining high quality RNA from 
soils). To account for the latter, our analysis was focused on inspecting for 
consistent transcriptome responses between multiple genes involved in the same 
pathway, operon, or functional category (which showed a high degree of 
consistency, as demonstrated in the results section). Functional annotations with 
an average relative abundance <1E-6 for metagenomes and <1E-5 for 
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2.4.1. Relationships between environmental indices and CO2 respiration 
during incubation 
A summary of soil chemical and physical measurements is provided in 
Table 2-1. Available phosphorus (extractable P from Mehlich-1 method) varied 
significantly between study locations (ANOVA, adj. p-value<0.05); it was lowest 
in Bisley Ridge (BR) and El Verde Valley (EV) soils at 0.9±0.1 and 0.8±0.3mg P 
kg dry soil-1, respectively, was 1.9±0.1mg P kg-1 in El Verde Ridge (ER) soils, and 
was highest in Bisley Valley (BV) soils at 3.0±0.3mg P kg-1.  
P addition increased CO2 respiration for EV, ER, and BR soils significantly 
(+13.6%, +13.8%, and +23.3% mean increase from replicate incubations, 
respectively; p-value<0.05), and resulted in a smaller, non-significant increase for 
BV soils (+4.6%) (Figure 2-1). A positive correlation between microbial biomass 
phosphorus (MBP) and available P was observed in field samples from ridge 
soils (R2=0.82) (Figure A-3a). Control soils with higher MBP respired more CO2 
after 14 days (R2=0.80) (Figure A-3b). Control soils with a higher MBC:MBP ratio 
respired less CO2 (R2=0.85) (Figure A-3c). The increase in CO2 respiration with P 
amendment (percent increase vs. control incubation) was positively correlated 
with MBC:MBP ratio (R2=0.86) (Figure A-3d). Positive correlations were also 






Table 2-1: Summary of soil physiochemical indices used to characterize the 
four sampling sites. Values are given as the mean ± the standard error, derived 
from measurements on triplicate samplings. Superscript letters are used to 
distinguish sample groups that were significantly different (adj. p-value<0.05), 
i.e., values with superscript letters differing from letters assigned to other values 
designates a statistically-significant difference between soils for that 







Study Site pH Soil Moisture % NH4-N (mg/kg) NO3-N (mg/kg) Total P (mg/kg) Total C (g/kg) Total N (g/kg)
El Verde Ridge 4.65 ± 0.08 a 0.36 ± 0.01 a 43.8 ± 10.8 ab 6.99 ± 0.55 a 334.0 ± 9.08 b 6.64 ± 0.32 b 0.50 ± 0.02 c
Bisley Ridge 4.82 ± 0.12 a 0.41 ± 0.02 a 65.5 ± 18.2 b 1.23 ± 0.97 a 206.3 ± 14.5 a 5.33 ± 0.42 b 0.38 ± 0.03 b
El Verde Valley 5.41 ± 0.06 b 0.45 ± 0.04 a 10.3 ± 1.1 a 9.21 ± 3.50 a 364.5 ± 27.8 b 3.07 ± 0.35 a 0.25 ± 0.03 a
Bisley Valley 5.40 ± 0.17 b 0.45 ± 0.02 a 37.4 ± 9.0 ab 11.4 ± 8.74 a 447.8 ± 15.0 c 5.24 ± 0.42 b 0.39 ± 0.02 b
Measurements from Mehlich-1 (mg/kg dry soil)
Study Site Ca K Mg Mn Zn P
El Verde Ridge 136.5 ± 17.0 a 45.6 ± 3.7 b 121.0 ± 11.4 a 18.4 ± 4.7 a 4.5 ± 1.3 a 1.9 ± 0.1 b
Bisley Ridge 266.6 ± 78.0 a 16.7 ± 0.5 a 205.3 ± 26.5 b 42.4 ± 25.8 a 2.1 ± 0.8 a 0.9 ± 0.1 a
El Verde Valley 652.3 ± 31.6 b 40.7 ± 5.1 b 356.0 ± 21.9 c 41.2 ± 8.9 a 1.8 ± 0.2 a 0.8 ± 0.3 a
Bisley Valley 842.2 ± 93.7 b 15.6 ± 4.2 a 301.9 ± 6.3 c 35.5 ± 6.9 a 2.4 ± 0.1 a 3.0 ± 0.3 c
Microbial biomass indices Soil texture analysis
Study Site MBC (mg/g dry soil) MBP (ug/g dry soil) MBN (mg/g dry soil) Sand (%) Clay (%) Silt (%)
El Verde Ridge 1.78 ± 0.19 c 5.59 ± 0.54 b 0.28 ± 0.04 b 16.5 ± 5.9 a 49.1 ± 3.1 b 34.5 ± 3.6 a
Bisley Ridge 1.05 ± 0.16 b 2.26 ± 0.50 a 0.18 ± 0.03 ab 3.5 ± 1.8 a 63.4 ± 1.6 c 33.5 ± 2.8 a
El Verde Valley 0.44 ± 0.02 a 0.23 ± 0.07 a 0.08 ± 0.00 a 7.0 ± 4.4 a 42.1 ± 3.7 ab 50.9 ± 1.1 b





Figure 2-1: Cumulative CO2 respired after ~5.5 days of incubation for soils 
without (P-, light gray) and with (P+, dark gray) exogenously added 
phosphorus. Bars denote the mean CO2 respired (+/- the standard error of the 
mean) for control incubations vs. incubations amended with exogeneous 




2.4.2. Organic carbon degrading and phosphoesterase enzyme activities 
Enzyme assays and metagenomic and metatranscriptomic sequencing 
efforts focused on incubations representing low-P ridge (i.e., ER and BR) and P-
rich BV soils due to the difficulty in obtaining high quality RNA from EV soils. See 
Figure A-2 for a diagram of incubations performed and those targeted for enzyme 







































Enzyme activities were evaluated as a ratio between SOC-degrading 
enzyme activities (namely, those of α-glucosidase, β-glucosidase, β-D-
cellubiosidase, N-acetyl β-glucosaminidase, and β-xylosidase) and 
phosphodiesterase (DIPHOS) activity (e.g., β-glucosidase:DIPHOS), an 
approach used previously to compare enzyme activities between soils 
(Sinsabaugh et al., 2009; Ramirez et al., 2012; Turner and Wright 2014). 
DIPHOS activity was ~2.5- to ~54-fold greater than that of SOC-degrading 
enzymes in low-P ridge soils (Figure A-4). Activity ratios were significantly 
greater for all five SOC-degrading enzyme classes for P-rich BV soils compared 
to ridge soils (~4.5 times greater, on average; adj. p-value<0.05 ANOVA). P-
amended ridge incubation soils demonstrated a significant increase in relative β-
D-cellubiosidase activity (+21.9%; p-value<0.05, paired t-test) and near-
significant increases in α-glucosidase (+46.0%; p-value<0.1) and β-glucosidase 
(+5.3%; p-value<0.1) activities compared to field and control incubation soils  
 
2.4.3.  Broad compositional characteristics differentiating soil communities 
Ten metagenome libraries representing ER, BR, and BV incubation soils 
and eight metranscriptomes, i.e., four from low-P ridge (i.e., ER and BR) control 
incubations and four from the corresponding P-amended incubations, were 
sequenced to relate community composition and transcriptional differences with 
enzyme activities, respiration activity/response to P amendment, and soil 
physiochemical measurements. On average, 5.2Gbp of raw sequencing effort 
was obtained for each metatranscriptome and 16.3Gbp for each metagenome. 
Following paired-end read merging, quality trimming, and filtering of rRNA 
sequences (for metatranscriptomes), 2.0Gbp of metatranscriptomic and 12.2Gbp 
of metagenomic data was used for downstream analyses. 
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Using Nonpareil 3 (options: -T kmer -X 100000) (Rodriguez-R et al., 
2018), P-rich BV soil communities were found to be more diverse than low-P 
ridge soils (i.e., ER and BR) (Figure A-5). The estimated sequencing depth 
needed to achieve 75% average coverage for ER, BR, and BV metagenomes 
was 14.3, 15.0, and 23.4Gbp, respectively. The level of coverage obtained (~40-
60%) is appropriate for comparisons (e.g. low false negative rate), with un-
sampled diversity presumably representing comparatively rarer taxa (Rodriguez-
R and Konstantinidis 2014; Zhang et al., 2017). The composition of bacterial 
phyla derived from metagenomic 16S rRNA gene fragments was comparable 
between ridge locations, and more distinct between ridge and BV soils (Figure A-
6; Figure A-7b). Considering phyla that represented >1% of the community for at 
least one metagenome, only Verrucomicrobia abundance differed significantly 
between ER and BR (10.4% vs. 5.6% for ER and BR soils, respectively; adj. p-
value<0.05). In contrast, the abundance of several phyla differed significantly 
between low-P ridge and P-rich BV soils, including Chloroflexi (2.2% vs. 7.2% for 
ridge and BV soils, respectively), Firmicutes (1.0% vs. 0.5%), 
Gemmatimonadetes (0.17% vs. 1.3%), Latescibacteria (0% vs. 1.4%), 
Nitrospirae (0.1% vs. 4.3%), Planctomycetes (8.2% vs. 6.8%), and 
Proteobacteria (40.4% vs. 35.9%). Mash, a tool that uses kmer composition for 
β-diversity calculations (Ondov et al., 2016), also revealed greater similarity 
between ER and BR, than between ER/BR and BV (Figure A-7a).  
Analyses of community composition revealed high overlap, in general, 
between P-amended and control incubation metagenomes (Figure 2-2; Figure A-
6; Figure A-7). Thus, comparisons between control and P-amended communities 






Figure 2-2: Heatmap showing the relative DNA abundances of genes 
involved in P uptake and storage, α-glucosyl polymer synthesis, and 
phosphorolysis of α- and β-glucosyl substrates. To emphasize differences 
between datasets, values were normalized by the average metagenome-derived 
gene abundance of all datasets (by rows). Sub-plots on the right of each 
heatmap represent the log2-fold-difference calculated for each gene, and are 
colored by whether differences between valley and ridge soil metagenomes were 
statitistical significant (see figure key). A log2-fold-difference of +2 was set as the 
maximum value for the right panel (some values from enzyme IDs under ‘β-
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2.4.4. Abundance and transcriptional activity of α-glucosyl polymer 
biosynthesis, anabolic and catabolic process, and cell division genes 
The relative transcription of genes encoded by the universal dcw operon 
generally increased with P-amendment compared to control incubation samples 
(Figure 2-3). A multi-omics approach normalizing transcriptional activity by in-situ 
population abundance and metatranscriptome dataset size demonstrated that 
heightened transcription of genes for microbial cell division and growth with P 
amendment was community-wide (Figure 2-4). Specifically, >85% of dcw 
operons had greater DNA-normalized relative transcription under P-amendment 
conditions (vs. control); the relative total transcription of all recovered dcw 
segments was 56.4% and 87.0% greater with P-amendment (vs. control) for ER 
and BR soils, respectively. Genes involved in the biosynthesis of purines 
(purABCDEFHKMT, guaAB), pyrimidines (carAB, pyr1BCDEFHG, ndk, nrdAB), 
and glycerophospholipids (tpiA, gspA, plsBCXY, pls, cdsA) also generally 





Figure 2-3: Heatmap showing the relative transcriptal activity of genes 
involved in nutrient uptake and assimilation, cell division, and cell 
component biosynthesis. Columns are represented by control (P-) and P-
amended (P+) incubation metatranscriptomes from El Verde ridge (ER) and 
Bisley ridge (BR) soils. Values were normalized by the mean relative transcript 
abundance of all datasets (by rows). Sub-plots on the right of each heatmap 
represent the log2-fold-change calculated for each gene, and are colored by 
statitistical significant differences between P+ and P- soil incubation 



















































































































































































































Figure 2-4: Population-specific transcriptional activity of the common cell 
division and cell wall (dcw) operon for El Verde ridge (left) and Bisley ridge 
(right) community co-assemblies. The phylogenetic tree was constructed 
using aligned murG sequences. Pie graphs represent the relative DNA-
normalized transcriptional activity between control (P-) and P-amended 
incubation samples (P+) for each unique dcw operon recovered (each branch), 
and the right box (green/red) represents the log2-fold difference in activity 
between P- and P+ samples for each sequence/population. A log2-fold change of 
+2 was set as the maximum value (some positive values were slightly greater 
than +2). 
-2 +2 0 
Log2-fold-change 
El Verde ridge Bisley ridge 





The relative DNA abundances of genes for α-glucosyl polymer 
biosynthesis and phosphorylase genes acting on α-glucosyl polymers were 
generally greater in ridge metagenomes compared to BV (Figure 2-2). The 
opposite trend was found for phosphorylase genes specific to β-glucosyl 
polymers. The relative transcription of all phosphorylases acting on 
carbohydrates increased with P amendment (Figure A-8). A survey of 
metagenome-derived contigs revealed that many microbiota possessed genomic 
segments encoding genes for the debranching and phosphorolysis of large, α-
glucosyl polymers, i.e., glycogen debranching enzyme (EC 3.2.1.196) and 
glycogen/maltodextrin phosphorylase (EC 2.4.1.1). These were often adjacent to 
genes involved in core catabolic functions and/or the formation of several 
biosynthetic precursors relevant to cell growth, e.g., genes involved in the 
formation of D-ribose 5-P (for nucleotide and ATP biosynthesis), D-erythrose 4-P 
(for amino acid biosynthesis), and glycerone phosphate (for phospholipid 
biosynthesis) (Figure 2-5). Genomic segments possessing >5 sequential genes 
related to glycogenolysis, (glgX, malQ, pgm, and phosphorylases specific to 
glycogen/maltodextrin [EC 2.4.4.1]), the initial stages of glycolysis (pgi, pfkA, and 
fba), and/or the pentose phosphate pathway (pgl, gnd, rpe, rpiA/ywlf, tkt, and tal) 
were evaluated for changes in transcriptional activity with P-amendment (vs. 
control). As an additional stipulation, only segments with >2 genes belonging to 
the glycogenolysis category were retained. P amendment increased the 
transcriptional coverage of these recovered segments by +250% and +103%, on 





Figure 2-5: (A) Conceptual pathway diagram and (B) gene organization 
reflecting genomic segments involved in glycogen metabolism, glycolysis, 
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represent the average increase or decrease in the relative transcription of the 
corresponding genes, respectively. Gene tracks represent unique contigs 
assembled from Bisley and El Verde ridge metagenomes that encoded genes of 
interest. Gene Graphics (Harrison et al., 2017) was used to produce ‘gene track’ 
illustrations. Continuous black lines under the gene boxes are used to signify 
unique, continuous genomic segments.  
 
 
Genes involved in electron transport chain processes, such as bacterial 
cytochrome c-type biogenesis (ccmABCEFH), cytochrome bd-II ubiquinol 
oxidase (cydAB), cytochrome bo(3) ubiquinol oxidase (cyoABC), succinate 
dehydrogenase (sdhAB), and fumarate reductase (frdAB),  generally increased in 
relative transcription for P-amended incubation samples (Figure A-9). While 
genes encoding for the hydrophobic membrane fragment NADH dehydrogenase 
(nuoAHJKLMN) showed a marginal but non-significant increase in relative 
transcription, the relative transcription of genes for other components of NADH 
dehydrogenase were similar between P-amended and control incubation 
samples. 
 
2.4.5. Abundance and transcriptional activity of nutrient acquisition and 
storage genes 
While the relative DNA abundances of genes encoding for phosphate 
transport ATPase complex (pstABC) were not significantly different between 
sites, that of pstS (encoding phosphate-binding protein) was 42.6% greater in 
low-P ridge incubation metagenomes relative to P-rich BV (Figure 2-2; adj. p-
value<0.05). Pit (encoding low-affinity phosphate transporter) was more 
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abundant in P-rich BV than ridge soils, albeit non-significantly. The relative 
abundance of ppx (encoding exopolyphosphatase), a polyphosphatase with 
strong preference for long-chain polyphosphates, was 89.7% greater in P-rich BV 
incubation metagenomes (adj. p-value<0.05). 
Consistent with the metagenome differences between high and low P 
soils, the relative transcription of pit was greater (+20.7%) in P-amended ridge 
incubation soils (vs. control), albeit non-significantly. The phosphate ABC 
transporter membrane subunit genes (pstAC) increased in relative transcription 
with P amendment (Figure 2-3), but pstB and pstS (encoding ATP-binding 
protein) decreased (p-value<0.05). Genes involved in the uptake, fixation, and/or 
assimilation other nutrients generally increased in relative transcription with P 
amendment. This included genes involved in N fixation (nifDHK), ammonium 
import (nrgA), assimilatory nitrate reduction (nasABCD, nir), sulfur binding and 
import (cysATW, sbp), and potassium import (kdpABC). The relative transcription 
of genes for assimilatory sulfate reduction (cysCDNJ, sat, sir) also generally 
increased with P amendment, but these differences were comparably minor and 
non-significant. 
 
2.4.6. Transcriptional activity of cellular stress and maintenance genes 
The relative transcription of frr (ribosomal recycling factor) and nearly 
every ribosomal protein gene was significantly lower in P-amended ridge 
incubation soils (Figure A-9; p-value<0.05). The relative transcription of genes 
related to cellular stress or maintenance, such as for protecting against reactive 
oxygen species (prdx, grx, sodCFMN), protein degradation (lon, clpACPS), 
molecular chaperones (CH60, CH10, clpB, dnaKJ), and cold or heat-shock 
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proteins (cpsABCE, hspBCDH, idpA), were lower in P-amended soil 
metatranscriptomes. 
 
2.5. Discussion  
Phosphorus is often regarded as the primary limiting nutrient for biological 
activities in tropical ecosystems (Vitousek 1984; Tanner et al., 1998), yet many 
uncertainties remain concerning how P availability governs tropical soil microbial 
community composition and activities (Turner and Wright 2014). In this study, P 
amendment of lab-incubated soils increased CO2 respiration by 13.6-23.3% for 
soils sampled from all but the most P-rich site (ER, BR, and EV were responsive 
to P amendment, while BV, which also had the greatest total and available P, 
was not) (Table 2-1; Figure 2-1). This is consistent with previously measured soil 
carbon flux response following P fertilization (Cleveland and Townsend 2006) 
and a 20% and 16% increase in litter and soil respiration, respectively, following 
158 days of P fertilization in French Guiana tropical soil (Fanin et al., 2012). 
While the conditions in our microcosms did not simulate closely in-situ 
environmental conditions, these values represent reference points for assessing 
increased respiration in field bulk soil after P fertilization.  
Metatranscriptomics revealed that P amendment of low-P ridge soils (i.e., 
ER and BR) increased the relative transcription of numerous genes involved in 
cell growth and replication, including genes involved in cell division and the 
biosynthesis of peptidoglycan, glycerophospholipids, and purines and 
pyrimidines (DNA, RNA, ATP, etc. precursors) (Figure 2-3) for. A population-level 
investigation of cell division and cell wall (dcw) operon gene expression indicated 
that P limitation universally constrained microbial cell proliferation, at least for the 
most dominant taxa whose genome sequences could be recovered (Figure 2-4). 
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In addition to the acute growth response with lab-scale P amendment, there were 
positive correlations between field soil measurements of available P and MBP, 
MBC or MBN (Figure A-3), reflecting greater sustained biomass with greater 
long-term in-situ soil P. These results are consistent with previous studies 
showing an increase in microbial biomass with long-term P fertilization at tropical 
field locations (Liu et al., 2012; Turner and Wright 2014). In the Turner and 
Wright 2014 study, the authors suggested that increased microbial biomass 
could be due to increased plant litter inputs resulting from P fertilization, but 
remarked that at an adjacent site, in which soil was supplemented with doubled 
plant litter inputs, no increase in microbial biomass was observed (Sayer et al., 
2012). Thus, while the amount and quality of organic carbon is traditionally 
thought to constrain soil microbial biomass and activities (Wardle, 1992; 
Demoling et al., 2007), our results suggest that P also directly constrains 
microbial cell growth and proliferation in P-limited tropical soils. This is likely due 
to the essentiality of P for many core cellular infrastructure components, such as 
DNA, RNA, ATP, NADPH, and glycerophospholipids. In order to sustain 
enhanced growth, microbes would also need to assimilate other nutrients and 
heighten catabolic functions. Accordingly, genes involved in nutrient import 
and/or assimilation (namely, nitrogen, sulfur, and potassium) and catabolism 
(e.g., cytochrome biogenesis and, to a limited degree, common electron transport 
chain-relevant oxidoreductases) generally had greater relative transcription with 
P amendment (Figure 2-3; Figure A-9).  
Previous research has demonstrated how conditions of excess organic 
carbon but inadequate P can result in the accumulation of intracellular α-glucosyl 
polymers in certain microbial isolates (Zevenhuizen 1966; Dephilippis et al., 
1992; Woo et al., 2010). Accordingly, genes involved in the biosynthesis of α-
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glucosyl polymers (e.g., glycogen) had greater relative abundances in low-P 
ridge soils (i.e., ER and BR) relative to P-rich BV soil metagenomes (Figure 2-2). 
Phosphorylase genes specific to α-glucosyl polymer degradation were also more 
abundant in ridge soils. Soil microbiota that accumulate α-glucose polymers 
under P-limiting, carbon-rich conditions could benefit from metabolizing α-
glucosyl substrates with phosphorylase enzymes because phosphorylase 
activities are impaired at low P concentrations (Derensy-Dron et al., 1999; Jaito 
et al., 2014). Consistent with these interpretations, we identified several genomic 
segments encoding functions to degrade α-glucosyl substrates (including 
glycogen/maltodextrin phosphorylase) accompanying genes involved in 
glycolysis and/or the pentose phosphate pathway (Figure 2-5). These segments 
could represent a streamlined pathway where stored organic substrates are 
utilized to generate major biosynthetic precursors and heighten cellular activities 
through energy-yielding catabolism upon P conditions favorable for cell 
proliferation and growth. Enhanced usage of stored organic substrates, as 
evidenced by increased relative transcription of these recovered pathways 
(Figure 2-5a) and all surveyed carbohydrate-active phosphorylase genes (Figure 
A-8), likely contributed to elevated CO2 respiration with P amendment. 
Consistent with these interpretations, P amendment of low-P ridge soils 
increased measured α-glucosidase (responsible for the cleavage of terminal 
glucose residues from a variety of α-glucosyl substrates) activity by +46.0% 
(near-significantly; p-value<0.1), making it the most P-responsive SOC-degrading 
enzyme assessed in this study. Therefore, it appeared that metatranscriptomics 
provided, in general, consistent results with enzyme assay analysis, albeit the 
former offered higher resolution and sensitivity. Further, ridge soils with larger 
MBC:MBP exhibited greater respiration response to P amendment (Figure A-3d); 
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this could be attributable to increased use of intracellular, stored organic 
substrates in low-P ridge soil incubations that were amended with P. 
 Conversely, phosphorylase genes specific to β-glucosyl polymers 
(traditionally represented by plant-derived substrates - e.g., cellulose, 
hemicellulose) were more abundant in P-rich BV soil metagenomes (Figure 2-2). 
Direct metabolism of plant-derived substrates (β-glucosyl polymers) using 
phosphorolysis could be metabolically advantageous under P-rich conditions 
because it conserves ATP that is otherwise needed to phosphorylate glucose 
following hydrolysis (with glucokinase). These results implicate phosphorylase 
genes for different substrate classes (β-glucosyl, α-glucosyl polymers) as a trait 
reflecting soil P bioavailability, and provides mechanistic insights into how 
microbial growth and activity can be coupled to, and potentially regulated, by soil 
P conditions. 
We also observed differences in the abundance and activities of 
phosphorus acquisition, turnover, and storage mechanisms under high vs. low 
soil P conditions. For instance, the metagenome-derived abundance of pit 
(encoding low-affinity phosphate transporter) was greater in P-rich BV soils and 
had greater relative transcription in P-amended soils (albeit non-significantly) 
(Figure 2-2 and 2-3). The relative abundance of pstS (encoding phosphate-
binding protein) was greater in low-P ridge soil metagenomes and was relatively 
less transcribed with P amendment. Among several phyla that differed in 
abundance between low-P ridge and P-rich BV soils, Gemmatimonadetes was 
7.5-fold more abundant in BV communities (Figure A-6). While few members 
from Gemmatimonadetes have been cultivated to date, it is thus far represented 
mostly by organisms capable of polyphosphate accumulation under conditions of 
high P but otherwise unfavorable for growth (Zhang et al., 2003; DeBruyn et al., 
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2013; Pascual et al., 2016). Further, there was a 2-fold greater relative 
abundance of ppx (encoding exopolyphosphatase, a polyphosphatase specific to 
long-chain polyphosphates) in P-rich BV metagenomes (Figure 2-2). 
Phosphodiesterase activity was greater than the activities of organic carbon 
degrading enzymes for low-P ridge soils, which was consistent with previous 
evaluations of tropical soil phosphoesterase activity (Turner and Wright 2014, 
Yao et al., 2018). Taken together, adaptation to P limitation likely includes 
greater reliance on inorganic phosphate binding and organic phosphorus 
recycling, decreased reliance on low-affinity P uptake, and lower abundance of 
taxa and traits involving accumulation of long-chain polyphosphates. 
The relative transcription of genes involved in protein maintenance and 
turnover, environmental stress tolerance, and ribosome biogenesis and recycling 
were greater in control (not P amended) incubation soils (Figure A-9). These 
findings are consistent with previous studies showing high overlap in cellular 
protective mechanisms operating under nutrient starvation and other stress types 
(Spence et al., 1990; Givskov et al., 1994). Studies on microbial isolates have 
found that nutrient-starved cells were more resistant to oxidative stress and 
displayed greater thermotolerance than actively growing cells (Rockabrand et al., 
1995; Petti et al., 2011), presumably due to the need to survive environmental 
fluctuations over larger generation times. Heightened ribosome production and 
recycling under P-limited conditions may reflect a continual need to divert P used 
for rRNA for other cellular functions (and vice-versa, from those uses back to 
translational machinery). Barnard and colleagues (Barnard et al., 2013) 
demonstrated how soil microbiota adapted to oscillating growth conditions often 
accumulate ribosomes during stationary growth phases, presumably to respond 
more rapidly upon more favorable nutrient acquisition conditions. The 
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aforementioned study also reported a decline in ribosome levels during 
conditions of elevated growth for responsive taxa. Altogether, greater relative 
expression of genes involved in cell upkeep, environmental stress tolerance, and 
core functionality may reflect suboptimal growth conditions.  
The RNA-DNA integration strategy employed here, i.e., normalizing 
population-specific transcriptional activity to in-situ (DNA) abundance, can be 
useful for comparing community metatranscriptomes where high compositional 
heterogeneity is an inherent environmental feature (e.g., soils). This approach 
could also be combined with qPCR or inclusion of internal standards prior to 
nucleic acid extraction in order to estimate absolute abundances of target genes 
or genomes, if desirable. For studies enabling the recovery of several high quality 
metagenome-assembled genomes from complex soil communities, the 
transcription of certain functions could also be evaluated against baseline cellular 
expression/activities (e.g., average transcription of all genes or core cellular 
functions like the dcw operon) or between functions where contrasting modes of 
response are expected (e.g., high vs. low-affinity P-uptake mechanisms encoded 
by the same genome). 
 
2.6. Conclusions 
In this study, community composition (determined with metagenomics) 
and activity assessments (including CO2 respiration, enzyme assays for organic 
carbon and phosphorus decomposition, and metatranscriptomics) together 
revealed how tropical soil microbiota respond acutely to an alleviation of P 
constraints. Further, functional signatures revealed community traits reflecting 
long-term adaptation to growth-restricting P conditions. Several of the key genes 
and pathways, e.g., abundance of genes for α-glucosyl polymer biosynthesis, 
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phosphorylases specific to stored vs. plant-derived substrates, and competing 
modes of phosphorus acquisition, could serve as biomarkers of microbial 
adaptation to changes in nutrient availability. Genomic indicators of 
environmental change are candidates for incorporation into ecosystem models. 
Further, the gene and partial genome sequences reported here could provide 
reference data for PCR assays to monitor the abundance of specific indicator 
genes for nutrient status in field samples. It would also be important to test these 
findings against other tropical forest locations, e.g., long-term fertilization studies, 
in order to better distinguish between the long-term and acute effects of greater P 
availability, and to determine how the strength and consequences of P limitation 
compare to other major nutrients (N, Ca, K, etc.). 
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Identifying soil microbial feedbacks to increasing temperatures and 
moisture alterations is critical for predicting how terrestrial ecosystems will 
respond to climate change. We performed a five-year field experiment 
manipulating warming, watering and their combination in a semiarid temperate 
steppe in northern China. Warming stimulated the abundance of genes 
responsible for degrading recalcitrant soil organic matter (SOM) and reduced 
SOM content by 13%. Watering and warming plus watering also increased the 
abundance of recalcitrant SOM catabolism pathways, but concurrently promoted 
plant growth and increased labile SOM content, which somewhat offset SOM 
loss. The treatments also increased microbial biomass, community complexity, 
and metabolic potential for nitrogen and sulfur assimilation. Both microbial and 
plant community composition shifted with the treatment conditions, and the 
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sample-to-sample compositional variations of both groups (pairwise β-diversity 
distances) were significantly correlated. In particular, microbial community 
composition was substantially correlated with the dominant plant species (~0.54 
Spearman correlation coefficient), much more than with measured soil indices, 
affirming a tight coupling between both biological communities. Collectively, our 
study revealed the direction and underlying mechanisms of microbial feedbacks 
to warming and suggested that semiarid regions of northern steppes could act as 
a net carbon source under increased temperatures, unless precipitation 
increases concurrently. 
 
3.2. Introduction  
Human activities have raised the concentration of atmospheric 
greenhouse gases, causing a 0.85 ºC increase in the global mean temperature 
since 1880 (IPCC, 2014). Climate warming has profound influences on 
biodiversity and ecosystem functioning, which in turn can result in feedbacks to 
climate warming (Luo et al., 2014; Steinauer et al., 2015). Feedbacks of soil 
ecosystems to climate change remain poorly understood, despite containing 
more carbon (C) in the form of soil organic matter (SOM) than both aboveground 
plant communities and atmosphere pools combined (Grosse et al., 2011; 
Scharlemann et al., 2014). Climate change could enhance microbial 
decomposition of SOM, primarily by promoting enzyme activities, and lead to 
positive feedback through the direct release of CO2 and/or CH4 to the 
atmosphere (Heimann & Reichstein, 2008; Mackelprang et al., 2011; Karhu et 
al., 2014; McCalley et al., 2014). Alternatively, soil microbial communities could 
possibly acclimate/adapt to climate warming, and thus have no or even negative 
feedback (Zhou et al., 2012). A net increase or decrease in terrestrial ecosystem 
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carbon storage will ultimately depend on the balance between plant primary 
productivity, microbial C fixation, soil heterotrophic respiration, and soil C 
stabilization over time, and is likely to vary between ecosystem types. However, it 
has been challenging to identify the direction of microbial feedbacks to climate 
change, primarily because the recalcitrant components of SOM and the microbial 
groups responsible for their degradation are diverse, and SOM decomposition 
rates are slow (Curtis et al., 2002; Handelsman et al., 2007). 
Temperature and precipitation are perhaps the most important factors in 
determining biodiversity and ecosystem functioning in terrestrial ecosystems, and 
precipitation patterns are expected to shift with climate warming (Dore, 2005; 
Groisman et al., 2005). While the feedback of soil microbial communities to 
climate warming was found to be positive in a relatively arid prairie ecosystem 
(~350mm mean annual precipitation), a negative feedback was revealed in a 
comparatively moist prairie ecosystem (~900mm mean annual precipitation) (Nie 
et al., 2012; Zhou et al., 2012). Therefore, it is important to investigate microbial 
feedbacks in additional ecosystem types and under concurrent changes of 
precipitation and temperature. Changes in moisture and temperature conditions 
also affect aboveground plant communities (Yang et al., 2011), which govern the 
type and abundance of many organic substrates provided to soil microbial 
heterotrophs. Thus, changes in climate should also impact microbial communities 
indirectly through shifts in plant composition and productivity. 
The semiarid steppe ecosystem in northern China is an important 
component of the Eurasian grassland biome (Christensen et al., 2004; Niu et al., 
2008), where water is a key-limiting factor and soil temperature is low from later 
autumn to early spring, limiting microbial activity (Liu et al., 2009; Zhang et al., 
2014). According to climate history, air temperatures adjacent to our study site 
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have risen by ~2.4ºC in the past several decades (1953–2008), and summer 
precipitation is expected to increase in the future (Sun & Ding, 2010). Here, we 
conducted a long-term field experiment involving watering (W) and warming (T), 
mimicking increased precipitation and elevated temperature, respectively, and 
their combination (WT). We employed shotgun metagenomic sequencing, which 
can reveal the presence and relative abundance of genes responsible for SOM 
transformations in-situ and at the whole-community level, of soil microbial 
communities sampled after 5-years of treatment and integrated the resulting 
sequence data with plant community properties and soil physicochemical 
characteristics in order to identify the direction and mechanism of soil microbial 
feedbacks to climate change. The biomass and species richness of plants were 
also monitored in order to assess the interplay between aboveground plant and 
belowground microbial communities (Zhang et al., 2014). 
Given the dry conditions and cool autumn/winter temperatures that 
characterize this ecosystem, we hypothesized that watering and warming will 
stimulate microbial growth/biomass and also increase community 
diversity/complexity (hypothesis 1). Enhanced microbial activities will result in 
greater utilization of recalcitrant SOM substrates and soil nutrients (hypothesis 
2), which will be relatable to whole-community gene abundances and the 
corresponding environmental indices. Furthermore, the potential synchrony in 
plant and microbial community assemblages under this experimental regime, 
attributable to existing environmental parameters, treatment conditions, plant-
microbe relationships, can be assessed by comparing the sample-to-sample 





3.3. Materials and methods 
3.3.1. Experimental design in the field 
This experiment started in 2005 and was part of a long-term field 
experiment conducted in a steppe ecosystem in the Inner Mongolia Autonomous 
Region of China. The study site and experimental design have been described 
previously (Niu et al., 2008; Liu et al., 2009; Yang et al., 2011), and only a brief 
description is provided here. The site was a typical temperate zone habitat, 
characterized by a semiarid continental monsoon climate. Annual mean 
temperature was 2.1ºC, with monthly mean temperature ranging from –17.5ºC in 
January to 18.9ºC in July. Annual mean precipitation was ~385.5mm, with 80% 
occurring from June to September. Soil was chestnut soil (Chinese 
classification), corresponding to the Calcis-orthic Aridisol in the US Soil 
Taxonomy classification, with sand, silt, and clay being 62.7%, 20.3%, and 
17.0%, respectively. Soil mean bulk density was ~1.31g/cm3. This ecosystem 
was dominated by perennials, including Agropyron cristatum, Allium bidentatum, 
Artemisia frigida, Cleistogenes squarrosa, Potentilla acaulis and Stipa krylovii.  
This experiment adopted a paired nested design, with watering and 
warming as the primary and secondary factor, respectively (Niu et al., 2008; Liu 
et al., 2009; Yang et al., 2011). There were three pairs of 10m×15m plots, with 
one plot in each pair being randomly assigned to the watering treatment and the 
other to the control (see Supplementary Fig. B-1 for a graphical representation of 
the experimental design). In each watering plot, six sprinklers were arranged 
evenly in two rows, with a 5m distance between two sprinklers. Each sprinkler 
covered a circular area with a 3m diameter, and the six sprinklers covered the 
whole 10m×15m plot. In July and August, 15mm water was added weekly to the 
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watering plots, and thus a total amount of 120mm water (approximately 30% of 
annually mean precipitation) was added each year. Within each 10m×15m plot, 
four 3m×4m sub-plots were randomly assigned to the warming and control 
subplots (each with two replicates). The warming subplots were heated 
continuously since April 28th, 2005, using 165cm×15cm MSR-2420 infrared 
radiators (Kalglo Electronics, Bethlehem, PA, USA) suspended 2.5m above the 
ground, and resulted in a ~1.1ºC increase in soil temperature above control 
conditions. In the control subplot, one ‘dummy’ heater with the same size and 
shape as the infrared radiator was suspended 2.5m high, mimicking the shading 
effect of the heater. For the watering treatment, the sprinkler was very small and 
its disturbance effect on the ecosystem was negligible, so we did not install a 
‘dummy’ sprinkler in the control. Overall, there were six replicates for each of the 
four treatments.  
 
3.3.2. Measurement of soil physiochemical indexes, plant and bacterial 
community indexes 
On August 22nd, 2010, four random soil cores (10cm deep, 3.5cm 
diameter) were collected from each 3m×4m sub-plot. All soil cores were taken no 
less than 2 inches away from a plant stalk, and the aboveground foliage of plant 
material was removed before sampling. The four soil cores were thoroughly 
mixed and passed through a 2mm sieve to remove plant roots. Part of the 
composited soil samples was frozen for DNA extraction, while the remaining 
portion was used to measure SOM content, soil total nitrogen (N) content, NH4+-
N and NO3--N content, water content and pH. SOM and total N contents were 
quantified with the potassium dichromate-vitriol oxidization method and the 
Kjeldahl acid-digestion method, respectively (Bao, 2000). Soil NH4+-N and NO3--
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N contents were determined on a FIAstar 5000 Analyzer (Foss Tecator, 
Denmark) after extraction of fresh soil with 1 mol/L KCl. Soil water content was 
determined as the weight loss after drying for 24hr at 105ºC. Soil pH was 
measured in 1:2.5 (W/V) suspensions of soil in distilled water. In addition, soil 
temperature at the depth of 10cm was recorded with a CR1000 datalogger 
(Campbell Scientific, Logan, UT, USA) at 1-h intervals from June 4th, 2005. And 
bacterial 16S rRNA gene abundance was quantified using real-time PCR, as 
described before (Zhang et al., 2013a,b). 
All aboveground plants were harvested in two random 0.3m×0.5m 
quadrats from each plot; the plants were sorted into species, and then oven-dried 
at 65ºC for 48h and weighted. The total weight of all these plants was calculated 
as the aboveground plant biomass, and the total species number was counted to 
represent plant richness.  
For each of the soil physicochemical indexes and plant and bacterial community 
indexes, two-way ANOVA with block as a random factor was adopted to reveal 
the effect of warming and watering and their interaction. Multiple comparison was 
also conducted among the four treatments; in particular, the Least Significant 
Difference method and Tamhane’s T2 method was adopted for equal and 
unequal variances, respectively. 
 
3.3.3. Shotgun metagenomic sequencing, sequence annotation and 
taxonomic analysis 
Soil DNA was extracted with the MoBio PowerLyzer PowerSoil DNA 
isolation kit according to the manufacturer’s instructions. To obtain sufficient DNA 
for the shotgun metagenomic sequencing and to ensure adequate representation 
of soil, 4-6 replicates were conducted for each sample (0.25g soil per replicate; 
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1.0-1.5g of total soil used for extraction for each soil composite sample). The 
laboratory protocol followed the description in the Illumina Paired-End Prep kit 
protocol. DNA was sheared mechanically and size-selected to ~180-bp and gel 
purified. Sequencing was performed in the Illuminia Hiseq 2000 system at 
Shanghai Majorbio Bio-pharm Technology Co., Ltd for 23 samples (6 per 
treatment); and there was one control sample for which the library preparation 
and sequencing methodologies were slightly different from the others, and its 
sequences were incomparable to other datasets.  
Shotgun sequencing resulted in 12.0±4.5 million sequences (mean±one 
standard deviation), or 2.4±0.9 Gbp of sequencing effort, per sample (average of 
14 Gbp per treatment), and 8.6±2.3 million sequences passed quality control for 
downstream analysis (Supplementary Table B-1). The sequences were quality 
trimmed and annotated (see the details in the Supplementary materials and 
methods), and further processed with the DESeq2 package (Love et al., 2014), in 
which the differentially-abundant metabolic pathways between the treatments 
were identified and the false discovery rate from multiple testing was accounted 
for using Benjamini–Hochberg correction (adjusted P-values; Benjamini and 
Hochberg, 1995). We specifically focused on the effect of each treatment on the 
abundances of genes for the catabolic processes of various carbon-complexes 
with different decomposability, ranging from the highly recalcitrant lipids and 
phenolics to the more labile monosaccharides, sugar acids and sugar alcohols. 
More attention was also given to the genes for nitrogen/sulfate acquisition, 
biosynthesis, and metabolism. 
The relative abundance of various prokaryotic phyla was determined by 
aligning the sequences to Greengenes 16S ribosomal database (DeSantis et al., 
2006) (see the details in the Supplementary materials and methods). The relative 
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abundance of fungi relative to prokaryotes (archaea and bacteria) was 
determined by aligning these reads to the Silva database (Quast et al., 2013). 
Bacteria were found to make up ~94% of ribosomal gene fragments, and thus we 
further calculated bacterial taxonomic richness by sampling equal number of 
sequences. 
 
3.3.4. Estimation of community complexity and functional richness 
Community complexity estimations were performed on composite 
metagenomes, where the sequences of five replicate samples of each treatment 
were combined (pooling of five samples in T, W, and WT treatments to be 
consistent with the control group). All merged sequences >80bp were inputted to 
Nonpareil, which is a statistical tool that uses sequence redundancy to derive 
dataset complexity estimations (i.e., total sequence complexity) and the amount 
of sequencing effort needed to achieve a desired representation of total 
sequence richness (Rodriguez-R & Konstantinidis, 2014). 
To exclude the influence of unequal sampling, the relatively rarer functional 
pathways with < 10-6 relative abundance in each sample (there were at least 106 
reads assigned to functional genes for each sample) were removed for the 
calculation of pathway richness (Fierer et al., 2012). 
 
3.3.5. Statistical analysis of microbial and plant compositional variation 
Bray-Curtis and weighted UniFrac distances calculated from the relative 
abundances of OTUs (Operational Taxonomic Unit), and Bray-Curtis distances 
calculated from the relative abundances of functional genes, were used to 
assess the compositional variation between microbial communities (Bray & 
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Curtis, 1957; Lozupone et al., 2007). Bray-Curtis distances were also calculated 
from the biomass of plant species to represent plant community compositional 
variation of plots from which metagenomes were derived. Principal coordinate 
analysis (PCoA) was used to visualize the relative differences in community 
taxonomic and gene functional composition among different treatments 
(Anderson, 2003). Permutational multivariate analysis of variance 
(PERMANOVA) was further used to reveal the effects of experimental treatments 
on the taxonomic and functional composition (Anderson, 2005). Linear 
regression analyses were used to identify the relationships between these PCoA 
axes. Linear regression analyses were also used to identify the relationships 
between the relative change in phylum or functional gene abundance caused by 
different treatments.  
 
3.3.6. Mass analysis between subsets of environmental indices and 
microbial community dissimilarity matrices 
Mash, a tool that uses kmers to compare the sequence composition 
between metagenomes, was used to calculate sample-sample dissimilarities 
(options: -k 25 –s 100000) (Ondov et al., 2015). The distance matrix obtained 
from Mash and from weighted UniFrac distances of 16S rRNA derived OTUs 
were used to test for correlation between microbial community structure and 
biotic and abiotic variables with “bioenv” (Clarke & Ainsworth, 1993), an analysis 
contained in the R package “vegan”. In short, this function calculates Euclidean 
distances between samples and attempts to determine the subset of 
environmental variables that correlates best to the user provided distance matrix. 
Subsets are scored and ranked with Spearman correlation. The Mash distances 
were also compared to plant community Bray-Curtis distances (see above) to 
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determine if the two distance matrices were significantly correlated using the 
Mantel test. 
 
3.3.7. Accession numbers  
The pyrosequencing reads were deposited in the Sequence Reads 
Archive database of the National Center for Biotechnology (accession no. 
SRA057669), and the shot-gun metagenomic data was deposited in MGRAST 
with the project name of “Multifactorial Environmental Changes in Inner Mongolia 
of China”. 
 
3.4. Results and discussion 
3.4.1. Microbial feedback direction under climate change 
The warming treatment raised soil temperature at the sampling depth by 
1.1ºC, on average, above the temperature of the control plots, which represented 
a small but significant shift in temperature relevant for climate change. Two-way 
ANOVA revealed that warming and watering had significant interactive effect on 
the SOM content (P < 0.05; Table 3-1). In particular, warming alone decreased 
the SOM content by about 13.0% relative to the control, but the decrease was 
smaller/negligible under watering (4.9%) and its combination with warming 
(3.8%; Table 3-1). Our shotgun sequencing covered about 30% of the total 
diversity (sequence richness) in each treatment (Supplementary Fig. B-2) based 
on estimates using Nonpareil (Rodriguez-R & Konstantinidis, 2014). While this 
coverage may appear relative low, the large number of replicated samples per 
treatment (5-6 replicates) and the fact that all datasets were similar in size, which 
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makes comparisons among datasets robust (Rodriguez-R. and Konstantinidis, 
2014), offset the low coverage and provided for meaningful comparisons.  
 
 
Table 3-1: The effect of experimental treatments on the biotic and abiotic 
indices. Lower case letters (a, b) and upper case letters (A, B) indicate P < 0.10 
and < 0.05 in the multiple comparison, respectively. 
 
 
Indices Mean (standard error) under each treatment P value from two-way ANOVA Control T W WT Block T W W*T 
SOM content (g kg-1 
soil) 12.22(0.68)
a 10.55(0.62)b 11.57(0.53)ab 11.68(0.64)ab 0.001 0.071 0.637 0.041 
Soil total N content 
(g kg-1 soil) 2.52(0.11) 2.48(0.08) 2.47(0.08) 2.36(0.08) <0.01 0.186 0.106 0.481 
Soil NH4+-N content 
(mg kg-1 soil) 8.46(0.33)
A 7.37(0.3)B 8.25(0.3)AB 8.31(0.29)A 0.738 0.120 0.269 0.087 
Soil NO3--N content 
(mg kg-1 soil) 5.18(0.75)
B 4.93(0.58)B 10.74(1.75)A 8.55(0.88)A 0.027 0.208 <0.01 0.314 
Soil pH 7.18(0.11)B 7.09(0.07)B 7.41(0.06)A 7.35(0.03)AB 0.574 0.345 0.004 0.841 
Soil water content 
(kg kg-1 soil) 0.067(0.005)
AB 0.061(0.008)B 0.110(0.028)A 0.095(0.022)AB 0.030 0.141 <0.01 0.459 
Soil temperature 
(ºC) 14.6(0.1)
B 15.7(0.1)A 14.4(0.1)B 15.3(0.1)A 0.513 <0.01 <0.01 0.025 
Aboveground plant 
biomass (g m-2) 42.83(3.64) 42.37(9.57) 43.03(5.08) 51.39(5.29) 0.062 0.494 0.427 0.449 
Plant species 
richness 10.17(1.22)
AB 8.17(1.05)B 13.17(1.01)A 12(0.82)A 0.808 0.159 0.005 0.704 
Bacterial 16S rRNA 
gene abundance 
(109 per g soil) 
9.56(0.59) 11.42(1.01) 11.62(1.23) 12.02(0.86) 0.076 0.115 0.169 0.336 
Bacteria relative 
abundance 0.934(0.005)
B 0.939(0.003)B 0.953(0.002)A 0.944(0.002)AB 0.051 0.388 0.001 0.040 
Fungi relative 
abundance 0.014(0.004)
A 0.007(0.002)B 0.006(0.001)B 0.008(0.001)AB 0.786 0.298 0.071 0.028 
Archaea relative 
abundance 0.051(0.004)
AB 0.054(0.004)A 0.042(0.002)B 0.048(0.001)AB 0.018 0.080 0.006 0.580 
Bacteria richness 541(15) 564(15) 606(26) 624(71) 0.161 0.589 0.111 0.961 




Watering, warming, and their combination consistently increased the 
relative abundance of catabolic pathways specific to highly recalcitrant carbon-
complexes, decreased those of medium decomposability, and had inconsistent 
effects on those of labile carbon-complexes (e.g., poly-, di- and mono-
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saccharides, sugar acids, and alcohols) relative to the control samples. 
Specifically, genes involved in lignin degradation were 22.3% and 18.3% more 
abundant in W and WT treatments, respectively, compared to control (P < 0.05; 
Fig. 3-1). Observed differences in lipid catabolic pathways over control were 
+12.7%, +10.9%, and +18.3%, in W, T, and WT treatments, respectively (P < 
0.05; Fig. 3-1). Genes for benzoate catabolism differed in abundance from 
control by +12.2%, +12.3%, and +12.1% in W, T, and WT treatments, 
respectively (P < 0.10; Fig. 3-1). Additionally, described catabolic pathways 
specific to phenolic or carboxylic acids generally increased in abundance over 
control for all three treatments in most cases (Fig. 3-1). In contrast, genes 
responsible for the degradation of complex carbohydrates, such as hemicellulose 
xylan (-13.5% in W, -14.0% in T, -11.7% in WT; P < 0.01) and polysaccharide 
starch (-33.9% in W, -41.0% in T, -29.6% in WT; P < 0.05; Fig. 3-1), decreased in 





Figure 3-1: Log2-fold differences in gene abundance between treatment (W, 
T, WT) and control soil samples for select SOM degradation pathways. The 
raw count data underwent a variance-stabilizing transformation in DESeq2, which 
is used for logarithmically distributed count data with low mean values that tend 
to have high variance. Pathways denoted with an upward (increase relative to 
control) or downward (decrease relative to control) carat were significantly 
different (P < 0.05; see key). 
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A recent study found that, among all biological/physicochemical indices 
(e.g., pH and water content), gene abundance was the best predictor of soil 
element-cycling rates because it integrated the information of both environmental 
history and recent process activity (Petersen et al., 2012). Similarly, a study on 
soil gene-enzyme relationships demonstrated that, when accounting for existing 
microbial community structure and major environmental indices, gene relative 
abundance was an adequate predictor of the associated enzyme activity (Trivedi 
et al., 2016). Thus, while the increased abundance of pathways for recalcitrant 
SOM substrates do not represent a direct measure of enhanced microbial 
activity, these results suggest that microbes increased their usage of recalcitrant 
SOM substrates as a result of the experimental treatment conditions. This could 
be attributable to carbon compounds of medium decomposability becoming less 
abundant after five-years of treatment conditions (Fig. 3-1). Consistent with these 
interpretations, warming promoted microbial utilization of recalcitrant SOM such 
as phenols, measured by BIOLOG EcoPlates as described previously (Zhang et 
al., 2013c) and thus decreased the total SOM content (Table 3-1), with 
decreases in both the labile and recalcitrant fractions of SOM, which was 
quantified for soil samples taken at the same time (August 2010) from this field 
experimental system (Song et al., 2012). Meanwhile, warming had little effect on 
aboveground plant biomass (Table 3-1). Taken together, these results 
demonstrated that soil microbial communities of the Eurasian steppe under 
warming degraded more SOM, causing positive feedbacks to climate warming. 
Experimental watering promoted an increase in plant richness (P < 0.05, 
Table 3-1); this result provided a possible explanation for the difference in SOM 
content observed between warming and both watering groups; i.e., an elevated 
diversity/input of plant organic materials into the soil, as reported previously 
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(Song et al., 2012), partly counteracted the effect of microbial degradation and 
caused the change in the total SOM content to be smaller/negligible (Table 3-1).  
 
3.4.2. Intensified assimilation of nitrogen and sulfur into microbial biomass 
Genes involved in the uptake and biosynthesis of nitrogen (N) and sulfur 
(S) compounds were generally more abundant in treatment relative to control 
metagenomes (Fig. 3-2). Specifically, sulfate binding (sbp) and import (cysAWT) 
genes were, on average, 13.5%, 9.7%, and 7.8% more abundant in W, T, and 
WT groups, respectively. Following S acquisition genes, pathways responsible 
for several steps involved in assimilatory sulfate reduction and incorporation of S 
into new biomass were also more abundant in treatment datasets. These genes 
included sulfate adenyltransferase (cysN, cysD, bifunctional nodQ), 
phosphoadenosine phosphosulfate reductase (cysH), and sulfite reductase (sir) 
(Fig. 3-2). While genes related to nitrate and ammonium binding and acquisition 
showed mixed results, assimilatory nitrate reductase gene (nasA) was 
significantly more abundant by 27.5% and 26.6% in W and WT samples, 
respectively, relative to control (P < 0.05, Fig. 3-2). Although nitrate reductase 
genes napA and narG were more abundant in all treatment groups, genes 
specific to dissimilatory nitrate reduction (nrfA, nrfH) displayed mixed results, and 
genes specific to denitrification (nirK/S, norBC, nosZ) generally decreased in 
abundance across all treatment groups, relative to the control group. These 
results suggested that watering and warming treatments stimulated the growth of 
soil microorganisms and favored microbes capable of acquiring S and N 
inorganic nutrients. Consistent with these gene abundances, microbial biomass 
carbon and nitrogen were found to increase under these treatments, as reported 
previously (Zhou et al., 2013). In addition, the 16S rRNA gene abundance of soil 
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bacterial communities based on quantitative PCR also showed an increase trend 
under the three treatments (19-26% increase), although it was non-significant 





Figure 3-2: A diagram representing selected nitrogen and sulfur pathways 
and the difference in abundance of the underlying genes between control 
and treatment metagenomes. Percentages are ordered like this: watering vs. 
control, warming vs. control, and watering+warming vs. control. Percentages 
given in blue or red represent an increase or decrease in the abundance of the 
corresponding genes, respectively. Percentages denoted with an asterisk (*) 




3.4.3. Stimulation of microbial community complexity and functional 
richness 
Sequence-redundancy analysis using Nonpareil (Rodriguez-R & 
Konstantinidis, 2014) reveals that the composite metagenome of each treatment 
(W, T, and WT) had greater overall sequence diversity than the composite 
control metagenome (Supplementary Fig. B-2), reflecting more complex 
microbial communities associated with these treatments. Thus, a larger 
sequencing effort is required to achieve a similar representation of the 
corresponding communities relative to the control one. For example, to reach 
50% coverage, 13.4, 18.2, 15.7 and 16.6 billion base pairs of sequencing depth 
would be acquired for the control, watering, warming and watering plus warming 
treatment, respectively. By combining five metagenomes for each sample group, 
approximately 30% of estimated community richness was represented in each 
case, with un-sampled diversity presumably belonging to sequences of 
comparatively rarer taxa.  
Consistent with the result of community sequence complexity, there was 
greater microbial functional richness in the three treatment groups relative to the 
control, and this trend is especially obvious under watering and watering plus 
warming (P < 0.05; Table 3-1), which was congruent with the two treatments 
having the highest estimated community sequence complexity (see above). Both 
the relative abundance and species richness of bacteria was greater in the three 
treatments relative to the control (Table 3-1), and bacterial rRNA or functional 
genes made up more than 90% of the total, indicating that the stimulated 
community complexity and functional richness primarily resulted from bacteria 
rather archaea and fungi. 
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Warming and watering treatments likely resulted in more favorable 
metabolic conditions for soil microbes and thus increased the 
functional/metabolic diversity of their corresponding soil microbial communities. 
Several recent studies have demonstrated a positive correlation between gene 
diversity and ecosystem functioning (Salles et al., 2012; Singh et al., 2014; 
Trivedi et al., 2016); thus, the elevated complexity of these soil microbial 
communities indicated that the overall functional potential might have increased. 
Thus, it is likely that an overall increase in community diversity is at least partially 
responsible for the enhanced degradation of recalcitrant SOM in W, T, and WT 
groups (Song et al., 2012).  
 
3.4.4. High correlation between microbial composition and plant and soil 
indices 
Experimental watering resulted in significant shifts in plant community 
composition (P < 0.05). In particular, it primarily favored the growth of grasses 
and semi-shrubs compared to non-gramineous forbs, as reported previously 
(Yang et al., 2011). There was a significant positive correlation between plant 
community variation (i.e., pairwise Bray-Curtis β-diversity distances) and the 
compositional variation of microbial communities (using Mash distances) (Mantel 
test, R2 = 0.35, P < 0.01) (see also Supplementary Fig. B-3). These results imply 
that microbial communities with similar local plant communities tend to be more 
similar than those with different plant communities. The specific ecological 
mechanisms governing these patterns require additional investigation. 
Furthermore, correlations were obtained between microbial community 
sample-to-sample similarity and environmental indices and plant biomass data 
(Clarke & Ainsworth, 1993). For distances based on kmer-composition of the 
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metagenomes using Mash (Ondov et al., 2015), the maximum correlation 
obtained was 0.544 when using the abundance of 6 of the 7 most abundant plant 
species (Supplementary Data S1). For distances derived from 16S rRNA OTUs 
(weighted unifrac), the maximum correlation achieved was 0.542, using 3 of the 7 
most abundant plant species, NH4+-N content, NO3--N content, and soil 
temperature (environmental indices included in assessment: Total C, Total N, 
NH4+-N, NO3--N, soil moisture, pH, temperature, aboveground plant biomass, 
plant species richness). It is worth noting that distance matrices derived from 
sequence annotations, i.e., Euclidean or Bray-Curtis distances derived from 
counts of reference proteins (e.g., Swiss-Prot) or 16S-derived taxonomic 
summaries, which represent the more common practices, only provided weak 
correlations with plant and environmental indices (correlation coefficients <0.25). 
These results revealed that community composition was highly relatable to 
measured environmental and more so to plant parameters of the ecosystem, 
which is uncommon for soils due to their high complexity and heterogeneity 
compared to other habitats, especially when sampling bulk soil (as opposed to 
the rhizosphere). It also demonstrates an improvement in associating microbial 
community composition with abiotic and biotic indices by incorporating sequence 
relatedness (weighted UniFrac) or sequence composition (Mash; k-mer based) 
over commonly used functional gene annotation techniques. In previous studies, 
only a small part of microbial community variation could be explained by plant 
and soil indices, with the remaining fraction often attributed to under-sampling 
and ecological stochastic processes (Ramette & Tiedje, 2007; Ge et al., 2008; 
Wang et al., 2015).  
Compared to the moderate-to-high correlation achieved between plant 
species community distances and Mash distances, a correlation of only 0.200 
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was observed when using solely abiotic environmental indices. This is likely 
because plant community composition is also reflective of local environmental 
conditions, as well as interactions between plants and belowground microbial 
communities, which might be un-relatable to soil conditions. This finding 
suggests that an alteration in environmental conditions directly affecting one 
biological community (e.g., plants) would influence the other group (belowground 
microbes) indirectly (if not directly), due to associations between biological 
communities. However, further investigations are required in order to obtain a 
more quantitative understanding of the direct and indirect associations between 
plant and soil microorganisms. 
In agreement with the abovementioned results of the correlation analysis, 
PERMANOVA revealed that watering and warming significantly changed the 
taxonomic and functional structure of soil microbial communities, respectively (P 
< 0.05; Fig. 3-3a,b and Supplementary Fig. B-4), and the PCoA axes of the 
taxonomic and functional composition showed significant linear relationships to 
each other (P < 0.05; Fig. 3-3c). Consistently, PERMANOVA also revealed that 
watering significantly altered the taxonomic composition of soil bacterial 
communities measured with 454 pyrosequencing targeting at 16S rRNA genes, 
as reported previously (Zhang et al., 2013b). Meanwhile, the treatments had 
similar effects on soil microbial communities because the relative changes in 
phyla/functional abundance caused by the three treatments were positively 






Figure 3-3: Associations between microbial taxonomic and functional 
community structure between treatment conditions. Effects of experimental 
treatments on the taxonomic (a) and functional (b) composition of soil microbial 
communities, and the relationship between the taxonomic and functional 
compositions (c). The proportion of variation explained by taxonomic PCoA axes 
1 and 2 is 41.41% and 22.10%, respectively. The proportion of variation 







As stated above, besides plant species biomass, microbial community 
composition was also correlated with soil NH4+-N and NO3--N content, indicating 
that soil nitrogen content may have played an important role in structuring 
microbial community. Meanwhile, soil NH4+-N content decreased under these 
treatments (Table 3-1), whereas microbial genes for nitrogen assimilation (Fig. 3-
2) and the activities of nitrogen-acquisition enzymes of microbial communities 
(Zhou et al., 2013) increased under treatment conditions, consistent with an 
overall higher demand for nitrogen. These results suggest that the effect of plants 
on belowground microbial communities might be mediated, as least in part, by 
higher demand for nitrogen. Experimental methods aimed at uncovering the 
extent to which plants and belowground microbial communities (the biological 
groups primarily mediating C fixation and release from soils) respond 
synchronously vs. independently to these types of environmental change should 
continue to be a focal point in future research endeavors. 
 
3.5. Conclusions 
The SOM content is as high as ~2.4 kg/m2 in the 0-10cm soil layer, 
representing ~1.2% of the total soil weight in this semiarid steppe ecosystem. 
Because most soil organic material is very complex and recalcitrant, total SOM 
content often seems to be very stable for long periods of time (Lützow et al., 
2006; Mikutta et al., 2006), even under the influence of climate warming (Zhou et 
al., 2012). Here, we found a significant decrease in the SOM content caused by 
just five years of moderate climate warming of ~1.1ºC (Table 3-1), providing 
strong evidence of microbial positive feedback to climate warming. This is 
because warming (and also watering) enhanced microbial population size (more 
so taxa capable of degrading recalcitrant SOM compounds and with pathways 
 
 89 
involving the acquisition of inorganic N and S nutrients), and stimulated 
community diversity and complexity. Meanwhile, we find that a concurrent 
increase in precipitation will wholly or partially counteract soil microbial positive 
feedback. The close synchrony between plant and belowground communities 
across this experimental regime underscores the value and necessity of 
investigating potential co-responses and interactions between groups in future 
studies, even for bulk (non-rhizosphere) soil. It will also be important to assess 
the gene activity level (e.g., metatranscriptomics), in addition gene presence 
(e.g., metagenomics), and obtain more samples to test for seasonal and inter-
annual dynamics in order for a more complete picture to emerge. 
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How soil microbial communities contrast with respect to taxonomic and 
functional composition within and between ecosystems remains an unresolved 
question that is central to predicting how global anthropogenic change will affect 
soil functioning and services. In particular, it remains unclear how small-scale 
observations of soil communities based on the typical volume sampled (1-2 
grams) are generalizable to ecosystem-scale responses and processes. This is 
especially relevant for remote, northern latitude soils, which are challenging to 
sample and are also thought to be more vulnerable to climate change compared 
to temperate soils. Here, we employed well-replicated shotgun metagenome and 
16S rRNA gene amplicon sequencing to characterize community composition 
and metabolic potential in Alaskan tundra soils, combining our own datasets with 
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those publically available from distant tundra and temperate grassland and 
agriculture habitats. We found that the abundance of many taxa and metabolic 
functions differed substantially between tundra soil metagenomes relative to 
those from temperate soils, and that a high degree of OTU-sharing exists 
between tundra locations. Tundra soils were an order of magnitude less complex 
than their temperate counterparts, allowing for near-complete coverage of 
microbial community richness (~92% breadth) by sequencing, and the recovery 
of twenty-seven high-quality, almost complete (>80% completeness) population 
bins. These population bins, collectively, made up to ~10% of the metagenomic 
datasets, and represented diverse taxonomic groups and metabolic lifestyles 
tuned toward sulfur cycling, hydrogen metabolism, methanotrophy, and organic 
matter oxidation. Several population bins, including members of Acidobacteria, 
Actinobacteria, and Proteobacteria, were also present in geographically distant 
(~100-530 km apart) tundra habitats (full genome representation and up to 99.6% 
genome-derived average nucleotide identity). Collectively, our results revealed 
that Alaska tundra microbial communities are less diverse and more 
homogenous across spatial scales than previously anticipated, and provided 
DNA sequences of abundant populations and genes that would be relevant for 
future studies of the effects of environmental change on tundra ecosystems. 
 
4.2. Introduction 
 Terrestrial soil systems are residence to some of the most functionally and 
taxonomically diverse microbial communities known (Torsvik et al. 1990, 
Whitman et al. 1998, Curtis et al. 2002, Handelsman et al. 2007). An increasing 
amount of attention has been directed towards these communities due to human 
dependence on soil productivity for food and fiber, the ecosystem services they 
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provide (e.g., water quality, nutrient cycling), and their role in producing and 
consuming greenhouse gases. Soil systems are estimated to contain more 
carbon than aboveground plant biomass and atmospheric pools combined in the 
form of degradable soil organic matter (or SOM) (Grosse et al. 2011). Higher 
land temperatures are expected to cause the release of considerable amounts of 
CO2 and CH4 to the atmosphere (Heimann and Reichstein 2008, Mackelprang et 
al. 2011, McCalley et al. 2014), primarily through the microbially-mediated 
degradation of SOM. Thus, there is an imminent need to further understand the 
role of soil microbes in the cycling of SOM C and other major elements, both to 
improve climate change predictions and possibly to mitigate climate change 
impacts through changes in land management practices. Tundra SOM is 
particularly sensitive to climate change (Jorgenson et al. 2010; Grosse et al. 
2011) because low temperatures and saturated soil conditions protect organic C 
from microbial decomposition (McGuire et al. 2010; Lee et al. 2012; Pries et al. 
2012). Furthermore, more than 50% of global soil organic C is stored in northern 
tundra permafrost, which only accounts for approximately 16% of the global soil 
area (Tarnocai et al. 2009). It is projected that permafrost may recede by 30-70% 
towards the end of the 21st century due to increasing temperatures (Schuur and 
Abbott 2011; Lawrence et al. 2012), likely resulting in enormous terrestrial 
ecosystem C loss.  
 Our ability to predict soil ecosystem functioning and resilience and to 
manipulate terrestrial soils for enhanced C sequestration is hindered, at least 
partially, by the enormous diversity and as yet uncultivated status of soil 
microorganisms (Handelsman et al. 2007; Whitman et al 1998). Several recent 
studies have employed ‘omics methodologies (i.e., metagenomics, 
metatranscriptomics, metaproteomics, etc.) to characterize microbes and their 
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metabolisms present in tundra locations and have successfully assembled novel 
population bins (i.e., consensus genome assembly from a natural population), 
representing organisms relevant to CH4 and CO2 release, a feat that opens up 
new opportunities to directly study the in-situ response of specific organisms 
(Mondav et al. 2014; Hultman et al. 2015). However, much remains unknown 
about what prokaryotic taxa dominate tundra, how much they vary in abundance 
across distant sites with similar environmental features, what pathways they 
encode and perhaps more importantly, what abiotic and biotic factors control the 
activity of these pathways and how environmental changes will affect that 
activity. It is also unclear how the genetic information present in the small volume 
of soil typically sampled (1-2 grams) by these previous surveys relates to 
ecosystem-scale responses and processes. For this, surveys that analyze 
multiple replicated samples are needed. 
Our team has been performing warming manipulations that raised in-situ 
temperatures by 2-5ºC, simulating the effect of future climate change, for active 
layer soil atop permafrost at the Carbon in Permafrost Experimental Heating 
Research (CiPEHR) site (Alaska, USA; "AK site") (Zhou et al. 2012, Natali et al. 
2011, 2014). In total, 11 soils from the CiPEHR, AK site were collected from 15-
25 cm depths in 2010, after about 1.5-year of experimental warming. Only minor 
differences were observed between warming and control plots at the DNA level 
(metagenomics) for these samples (Xue et al. 2016), presumably due to the slow 
growth kinetics of tundra microbes. Here, we took advantage of the well-
replicated sequence datasets available, and pooled them together in order to 
robustly address the following objectives: 1) evaluate the biogeography of 
microorganisms in tundra soils at the 16S rRNA gene level as well as at the 
individual population (whole-genome) level. The latter is a better proxy for 
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species since it circumvents the limitations of 16S rRNA gene related to high 
sequence conservation and represents an important and highly resolved unit of 
microbial communities (Caro-Quintero and Konstantinidis 2012). 2) Identify the 
similarities in taxonomic and functional gene composition in active-layer soil 
sampled from various Alaskan tundra locations, using soil communities from 
temperate locations for comparison. And, 3) assess how these tundra microbial 
populations might respond to major environmental perturbations such as fire 
events. Our work identified several highly abundant (>1% of total community) 
populations that are ubiquitous across the tundra ecosystem in Alaska and thus, 
represent important members of the indigenous communities. It also revealed 
that these populations are highly dynamic, and can undergo rapid genomic 
alternations in gene content upon major environmental perturbations. 
 
 
4.3. Materials and Methods 
4.3.1. Site description and sampling 
The CiPEHR site was established in September 2008 at a moist acidic 
tundra area in Interior Alaska near Denali National Park in the Eight Mile Lake 
region (63º52’59’’N, 149º13’32’’W). The experimental plots were located in the 
discontinuous permafrost region where permafrost thaw has been observed in 
the past several decades. Experimental design and site description were 
described in detail previously (Natali et al. 2011). Generally, three experimental 
blocks were located approximately 100 m away from each other. In each block, 
two snow fences were constructed about 5 m apart in the winter. The winter 
warming treatment plots were located 5 m back from the leeward side of the 
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snow fences, while the paired control plots were at the windward side of snow 
fences. Soil temperature was increased in the winter warming plots due to thicker 
snow cover on soil surface and lower wind strength. The snow fences were 
removed in the spring before the snow melting to uniform hydraulic condition in 
both winter warming and control treatments. From 1976 to 2009, mean monthly 
temperature in the field ranged from ‒16°C in December to 15°C in July, with an 
annual mean temperature of ‒1.0°C. The average annual precipitation was 378 
mm. Only C3 plant species were observed in this area. Dominant species include 
Eriophorum vaginatum, Vaccinium uliginosum, some other vascular species, 
nonvascular feather moss and lichen. In the experimental plots, the upper 0.45-
0.65 m soil was rich in organic C materials and below was mineral soil with a 
mixture of glacial till and windblown loess. The active layer depth was about 50 
cm. 
Eleven soil cores, five from control plots and six from warmed plots (there 
were originally twelve soil samples - one control soil was discarded as it was 
deemed contaminated with Oklahoma soil DNA, and thus, incomparable to other 
soil samples), were taken using electric drills in destructive sampling plots at the 
six snow fences in the beginning of 2010 growing season (May), one and half 
year after the initial of winter warming treatment. Soil fractions of 15-25 cm from 
ground surface were used for this study. 
The experimental warming site at Oklahoma is located at the Kessler 
Farm Field Laboratory (KFFL, OK site) at the Great Plain Apiaries in McClain 
County, Oklahoma, USA (34°58'54"N, 97°31'14"W). Block design was applied in 
this field experiment and adjacent blocks were two or five meters apart. The six 
plots in each of the four blocks represent control, warming, half or double 
precipitation treatments and the combination manipulation of these treatments. 
 
 101 
Additionally, every southern half subplot was clipped twice a year to create a 
coupled clipping effect. Only warming and control treatments without water and 
clipping effects were included in this study. Beginning in early 2009, the soil 
temperature in the warming treatment plots was increased by the Kalglo MRM-
1215 120V, 1500W, 65 inch-long electric infrared radiators (Kalglo Electronics, 
Bethlehem, PA, USA) fixed at 1.5 m above the ground surface at the center of 
each plot. In control plots, wood “dummy” heaters were used to simulate shading 
effect in warming plots. The herbivores were excluded at this site to prevent 
grazing. The plant community undergoes a relatively rapid secondary succession 
in this site and new species occur every year, causing gradually change in plant 
community structure. Although both C3 and C4 plants were observed, C3 species 
have dominated in recent years. Plant biomass peaks twice in late spring and 
early autumn every year. C3 grass Bromus arvensis and C3 forb Vicia sativa 
dominated the site in April 2010, while C3 forb Ambrosia trifida, Solanum 
carolinense and C4 grass Tridens flavus prevailed in August 2010. Based on 
Oklahoma Climatological Survey from 1948 to 1999, the mean annual 
temperature in this site was 16.3ºC, with the lowest monthly mean of 3.3ºC in 
January and the highest of 28.1ºC in July. The precipitation was unevenly 
distributed annually, which peaked in May and June (240 mm) and reached a low 
in January and February (82 mm) with an annual mean of 967 mm (Zhou et al. 
2012). Soils from the layer 0-15 cm in four warming plots and four control plots 
were sampled in the OK, USA site using a standard soil core (2.5 cm in diameter) 
in Oct 2010. All samples were transported to the laboratory and stored at -80°C 
immediately until analyses. Any observable plant root materials were picked out 
before the soil was processed. Fungal community composition of CiPEHR and 
KFFL soil communities has been addressed previously (Penton et al. 2013). 
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Environmental indices for KFFL and CiPEHR, and the associated methods, are 
provided in Xu et al. 2016; a summary of select soil measurements (including 
C%, N%, SOM fractions, pH, and bulk density) is given in Table C-1. 
 
4.3.2. DNA extraction of soil microbial community 
Soil DNA was extracted using a PowerMax Soil DNA Isolation Kit (MO 
BIO Laboratories, Inc., Carlsbad, CA, USA) according to manufacturer’s protocol. 
DNA quality was assessed based on spectrometry absorbance at wavelengths of 
230 nm, 260 nm and 280 nm detected by a NanoDrop ND-1000 
Spectrophotometer (NanoDrop Technologies Inc., now NanoDrop Products by 
Thermo Fisher Scientific). The absorbance ratios of 260/280 nm were around 
1.8, and of 260/230 nm were larger than 1.7.  Finally, DNA was quantified by 
Pico Green using a FLUOstar OPTIMA fluorescence plate reader (BMG 
LabTech, Jena, Germany) and used for gene array labeling and sequencing 
library preparation.  
 
4.3.3. Illumina MiSeq sequencing protocol 
 The 16S rRNA library was prepared using methods introduced by 
Caporaso et al. 2011 and Caporaso et al. 2012. In brief, extracted DNA samples 
were diluted to 2.5 ng/µL for PCR amplification. The primer sets used to amplify 
the V4 region of 16S rRNA genes were constructed to adapt the barcode Illumina 
MiSeq (Caporaso et al. 2011): the forward PCR primer contains an Illumina 
adapter sequence, followed by a forward primer pad, a forward primer link and 
then the 515 forward primer; besides above elements for the reverse primer (806 
reverse primer was used), the reverse PCR primer also contains a sample-
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unique barcode sequence inserted between the reverse Illumina adapter and the 
reverse primer pad sequences for parallel sequencing of a sample set. The 25 µL 
PCR reaction system and condition was as documented in Caporaso et al. 2011. 
Only one PCR reaction was performed per sample. After the amplification the 
products were quantified using PicoGreen on a FLUOstar OPTIMA fluorescence 
plate reader (BMG LabTech). 100 ng PCR products from each sample were 
combined into one tube, ran on a 1% agarose gel at 100V for 45 min, and 
purified through QIAquick Gel Extraction Kit (Qiagen) column. The purified 
sample was quantified again using PicoGreen by triplicates, ensured the 
accuracy of library concentration. Then the pooled sample was diluted to 2 nM. 
10 µL of 0.1 N NaOH was then added into 10 µL sample DNA for denaturation. 
Then the denatured DNA was diluted to 6 pM and mixed with equal volume of 6 
pM Phix library in order to increase sequence diversity. Finally, the mixture (600 
µL) was loaded into the reagent cartridge and run on MiSeq (Illumina, Inc., San 
Diego, CA, USA) for two ends by 150 bp reactions (Illumina) following 
manufacturer’s instructions. 
 
4.3.4. Metagenomic shotgun sequencing protocol 
DNA integrity was confirmed by gel electrophoresis and sent to Los 
Alamos National Laboratory to run on Illumina HiSeq platform. The DNA was 
fragmented and the library was prepared using TruSeq Kit (Illumina) according to 
manufacturer’s protocol. Each of the nineteen samples was sequenced in one 





4.3.5. Paired-end sequence merging and quality trimming 
 Reads were merged using PEAR (Zhang et al. 2014) (options: -p 0.001). 
Both merged and unmerged reads underwent quality trimming using the 
SolexaQA package (Cox et al. 2010); reads were trimmed where Phred quality 
scores dropped below 17. 
 
4.3.6. Use of publically available metagenomes from distant tundra and 
temperate grassland and agricultural habitats 
Publically available metagenomes that were used for comparison 
purposes represent the 10-20 cm and 50-60 cm depths from Nome Creek, AK 
(NC; 200 km from CiPEHR site; Taş et al. 2014), active layer soil (30-35 cm 
depth) from Bonanza Creek, AK (BC; 100 km from CiPEHR site; Hultman et al. 
2015), Toolike Lake LTER study site (TL; 530 km from CiPEHR site; Fierer et al. 
2012), temperate steppe ecosystem in inner Mongolia, China (ZXM; Zhang et al. 
2015), and agricultural soil from Urbana, IL (UIL; Orellana et al. 2014). All 
datasets were processed and analyzed as described above for CiPHER and 
KFFL datasets for consistency purposes, when possible. The Toolik Lake 
metagenome was omitted for comparisons of taxonomic composition and 
community complexity because the dataset size was comparatively smaller 
(<500 mbp). A summary of each site, including sampling depth, year of sampling, 






4.3.7. 16S rRNA analysis from amplicon PCR and shotgun-metagenome 
reads 
 Amplicon PCR 16S rRNA sequences longer than 190 bp (75% of 
expected length, 253 bp) after trimming were used for further analysis. QIIME 
was employed for the majority of downstream analysis (Caporaso et al. 2010b). 
16S rRNA gene (16S) amplicon sequences were assigned to the sample they 
came from using a unique 12 bp barcode identifier, allowing for up to one 
mismatch. The Python script pick_de_novo_otus.py was used to cluster 16S 
sequences at 97% similarity (97% OTUs) with UCLUST (Edgar 2010). 
Representative sequences of each OTU were taxonomically identified with the 
RDP Classifier (Wang et al. 2007). Representative sequences were also aligned 
using PyNAST (Caporaso et al. 2010a), and a phylogenetic tree was constructed 
from this alignment using FastTree with default settings (Price et al. 2010). 
Information on dataset quality and number of sequences used per sample is 
available in Table C-3. 
 The relative abundances of various prokaryotic taxa were also determined 
based on 16S sequences recovered in the metagenomes. Metagenomic reads 
were trimmed and sister reads were merged using the same approach as above. 
16S sequences were identified by searching all merged and unmerged reads 
longer than 70 bp after trimming against the May 2013 release of Greengenes 
16S ribosomal database (DeSantis et al 2006) pre-clustered at 97% identity, 
using blastn (BLAST+ version 2.2.29, options: -word_size 16 -outfmt 6 -task 
blastn -dust no -max_target_seqs 1) (Camacho et al. 2009). Only matches along 
the V4 region of the 16S sequence with bit-score ≥60, evalue <1E-7, and match 
length ≥70 bp were retained for analysis. 16S sequences then underwent open-
reference OTU-picking against Greengenes database pre-clustered at 97% 
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(options: -m uclust_ref –s 0.97) (Edgar 2010) (similar to methods performed in 
Luo et al. 2014a). Representative sequences of each OTU were taxonomically 
identified with the RDP Classifier (Wang et al. 2007). Taxonomy abundances for 
each sample were determined by the number of sequences that assigned to 
OTUs corresponding to that taxonomic group, divided by the total number of 
reads that passed open-reference OTU-picking step (i.e., that were used in 
clustering and not discarded). Euclidian distances of OTU tables were calculated, 
and the statistical significance of tundra vs. temperate topsoil OTU differences 
was determined by ANOSIM analysis. Results generalized at the phylum level 
were highly consistent between 16S rRNA gene analyses derived from 16S PCR 
amplicon sequences and 16S sequences recovered from metagenomic datasets.  
 
4.3.8. Analysis of shotgun-metagenome short reads 
 Protein prediction of metagenomic sequences ≥100 bp after trimming was 
performed with FragGeneScan (Rho et al. 2010) (Illumina 1% error model). 
Resulting amino acid sequences were searched against Swiss-Prot database 
(The UniProt Consortium), using blastp (BLAST+ version 2.2.28) (options: –
word_size 3 outfmt 6, cutoff: bit score >75, alignment length ≥25 amino acids, 
amino acid identity ≥40%) (Camacho et al. 2009). Corresponding Gene Ontology 
(GO) Annotations of functions and processes for each Swiss-Prot entry was 
obtained from http://www.uniprot.org/downloads (downloaded on December 04, 
2014). Dataset quality and number of sequences used per sample is displayed in 
Table C-4. 
A raw (not-normalized) counts table of genes and GO pathways (with 
sample metagenomes as columns and gene annotations or metabolic process 
categories as rows) was processed with the DESeq2 package (Love et al. 2014) 
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to identify differentially-abundant pathways between the two study sites and to 
generate log2 transformations of gene/process abundance ratios. The raw count 
data underwent a variance-stabilizing transformation, which is used for 
logarithmically distributed count data with low mean values that tend to have high 
variance. This transformation results in new values that have a relatively constant 
variance along the range of mean values and confers a reduced false positive 
rate for less abundant genes (Anders and Huber 2010). P-values were 
transformed to account for false discovery rate from multiple testing using 
Benjamini-Hochberg correction (adjusted p-values; Benjamini and Hochberg 
1995). DESeq2 was also used to generate a sample-to-sample distance 
heatmap based on Euclidean distances derived from variance-stabilizing 
transformations of the raw count information, as well as to generate PCA plots 
based on the same transformations in order to visualize the overall effect of 
experimental covariates and batch effects.  
 
4.3.9. Assembly and characterization of population bins 
Initial assembly of metagenomic sequences was performed on each of the 
11 CiPEHR Alaska datasets individually with CLC assembly package  
(http://www.clcbio.com) (options: -w 53). Resulting contigs ≥2 kbp were pooled 
together into one file and short metagenomic sequences were recruited to each 
contig to calculate the median coverage of each contig in each metagenome 
dataset (megablast with default; cut-off used: ≥90% of length of the query 
sequence, ≥98% nucleotide identity). Contigs ≥2 kbp were then binned using 
CONCOCT (Alneberg et al. 2014). Contigs that were not binned with CONCOCT 
were added to existing bins generated with CONCOCT if the unbinned contig 
matched a binned contig ≥99.7% nucleotide identity and ≥2 kbp alignment length 
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(using megablast with default settings). For each bin, re-assembly was 
performed using only short reads matching the binned contigs; matches ≥98% 
nucleotide identity and ≥100 bp length were assembled de-novo with Velvet 
(Zerbino and Birney 2008), including both merged and nonmerged paired-end 
reads, using odd-numbered word sizes between 85 and 99. These larger word 
sizes were chosen to increase assembly quality. Only contigs >1 kbp generated 
by this final assembly were included in the final bin; all contigs <1 kbp and reads 
and contigs from previous steps were discarded. CheckM was used to estimate 
completeness and contamination of each bin based on the recovery of 104 single 
copy universal bacterial genes (Parks et al. 2015). 
Protein-coding genes of the assembled bins were predicted with 
MetaGeneMark (Zhu et al. 2010) and were searched against the Swiss-Prot 
database as described above (The UniProt Consortium). The sequence 
abundance of each bin was determined by the number of merged reads ≥200 bp 
from each metagenome that matched a population bin genome at ≥200 bp match 
length and ≥98% nucleotide identity. Closest ancestry was determined for certain 
organisms containing full or partial 16S and 23S rRNA sequences by searching 
contigs against SILVA small subunit (SSU) and large subunit (LSU) databases 
(v119 releases) (Quast et al. 2013) using megablast. A tree of phylogenetic 
relatedness based on 23S sequences was made for Acidobacteria bins 03, 06, 
07, and 12 using Ca. OP8 as an out-group, including several Acidobacteria 
isolates and uncultured organisms. Fasta sequences were aligned using 
MUSCLE algorithm (Edgar 2004) and PyNAST for tree building (Caporaso et al. 





4.3.10. Assessing intra-population diversity and biogeography  
To assess whether the assembled bins were distributed over large 
geographical areas, trimmed reads from several publicly available metagenomes 
were searched against each population bin (reference) sequence using 
megablast. Matches ≥60% nucleotide identity and ≥70 bp length were retained. 
Fragment recruitment of these matches was performed to assess evenness and 
percent representation of each population bin in the corresponding 
metagenomes. Population structure was assessed using recruitment plots, 
essentially as described previously for marine metagenomes (Konstantinidis and 
DeLong 2008) and below. 
To further validate the results of the recruitment plots, the full-length 
(3,211-4,462-bp) β subunit of the bacterial RNA polymerase (rpoB) gene for the 
population/bin of interest was used to recruit highly matching sequences from the 
metagenomes of the same or different sites. rpoB-encoding reads were identified 
using megablast. All matching reads were then used in a Velvet assembly to 
reconstruct partial or full-length sequences, when possible (e.g., high enough 
coverage). Assembled rpoB sequences were aligned and then truncated to retain 
only the overlapping regions of all assembled rpoB sequences (overlapping 
region of CiPEHR original assembly and Nome Creek partial or full de-novo 
assembly). Using megablast, unassembled metagenomic reads matching the 
rpoB sequences in the alignment were identified from CiPEHR, Nome Creek, and 
Toolik Lake metagenomes, using as cut-off for a match ≥85 bp alignment and 
≥98% nucleotide identity. Representative reads from each location were added to 
each existing alignment with MAFFT Multiple Sequence Alignment (options: mafft 
--anysymbol --addfragments –multipair) (Katoh and Frith 2012), and a tree was 
generated using Randomized Axelerated Maximum Likelihood, or RAxML, 
 
 110 
version 730 (Stamatakis 2006). The resulting tree was visually inspected for the 
existence of a star-like phylogeny, indicating no population structure. 
We developed a resampling approach to identify genes absent from in-situ 
populations in distant tundra habitats (NC, BC, or TL) that otherwise closely 
matched (>95% Average Nucleotide Identity [or ANI; Konstantinidis and Tiedje 
2005], >90% genome representation) one of the 27 reference CiPEHR 
population bin assemblies. Population bin genomes were broken up into 500 bp 
segments in-silico and the average coverage for each segment was calculated 
independently, using recruitment of all available unassembled short sequences 
from the target metagenome. A skewed normal distribution was fit to these 
coverage values using the ‘enveomics.R’ package available for download at 
http://enveomics.blogspot.com. The parameters of the resulting skewed 
distribution were used to calculate the probability that a gene with zero or near-
zero coverage (i.e., no or few reads matching to that gene) could occur by 
chance (null hypothesis being that the gene was present in the population). 500 
bp segments were treated as independent tests, and thus, p-values for each 
gene were adjusted by their corresponding lengths as follows: p-value ^ ([gene 
length] / 500 bp). Therefore, comparatively longer genes were more robustly 
assessed for presence/absence. This analysis was performed on all genes for 
selected comparisons, and p-values were adjusted to account for false discovery 
rate from multiple testing using Benjamini-Hochberg correction (Benjamini and 
Hochberg 1995) 
 
4.3.11. Data availability  
Assembled population bins, as well as raw shotgun metagenome and 16S 
rRNA gene sequences from CiPEHR, AK and KFFL, OK, are deposited in the 
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4.4.1. Relative microbial community complexity of tundra soils 
Using Nonpareil, a statistical tool that employs read redundancy to 
estimate the coverage of the microbial community achieved by a metagenomic 
dataset (Rodriguez-R and Konstantinidis 2014), a much more diverse community 
was observed in temperate soils compared to those from Alaskan tundra. The 
estimated sequencing depth required to sample 95% of the total extracted 
community DNA for each CiPEHR, AK soil sample was found to be 53.6±5.45 
Gbp (mean±one standard deviation), 56.0±25.7 Gbp for Nome Creek 10-20 cm 
and 50-60 cm depth metagenomes, and 34.6±14.7 Gbp for Bonanza Creek 
active layer (~30-35 cm depth) metagenomes (Figure 4-1 and Table C-5). Using 
temperate soil metagenomes for contrast, an estimated 450±15.2 Gbp of 
sequencing depth would be required to sample 95% of sequencing richness for 
KFFL, OK soils, 281 Gbp for Urbana, IL (UIL) agricultural soil, and 215 Gbp for 
temperate steppe soil from inner Mongolia, China (ZXM). Based on a total of 139 
Gbp and 62.2 Gbp available from all replicated metagenomes from CiPEHR and 
KFFL (merged sequences only), an estimated 91.8% of the combined ‘site 
community’ for CiPEHR and 62.2% for KFFL was sampled. Notably, the ‘site 
community’ represented by all 11 combined CiPEHR metagenomes still 
possessed less than half the complexity (or estimated sequence richness) 
estimated from a single KFFL metagenome. A higher level of diversity in the OK 
soil microbial community is further reflected in the 97% OTU rarefaction curve 
 
 112 
from 16S PCR amplicon sequences, where the number of OTUs detected at OK 
is over two-fold greater than the number of OTUs observed at AK (Figure C-1). 
 
4.4.2. Microbial community compositional differences between study sites 
Using 16S PCR amplicon sequences prepared in parallel from KFFL, OK 
and CiPEHR, AK soil samples, most OTUs were shared between soil samples 
from the same site, but comparatively few OTUs were shared between the two 
sites. In particular, <6% of OTUs were shared (n = 766, from a total of 8,290 non-
singleton OTUs present at OK and 6,292 at AK) and these differences were 
statistically significant (p-value < 0.001; ANOSIM) (Figure C-2). Further, by using 
metagenome-extracted 16S sequences to compare CiPEHR and KFFL datasets 
with those publically available, it was found that, on average, 72.5% of the OTUs 
from active layer Bonanza Creek and 74% of the OTUs from Nome Creek soils 
were detectable in other tundra locations (Figure 4-2). These results revealed 
that a high degree of OTUs are shared within the Alaskan tundra ecosystem vs. 
between ecosystem types (p-value < 0.01; ANOSIM), regardless of slight 
methodological differences between studies (DNA extraction procedure, 
handling, etc.). This trend is not observed when OTU affiliations are summarized 








Figure 4-1: Curves representing soil microbial community complexity 
estimations as determined by Nonpareil. Nonpareil is a statistical tool that 
uses read redundancy to estimate dataset complexity and the amount of 
sequencing effort needed to achieve a desired level of coverage. Circles on 
curves represent the coverage of the actual sequencing depth for each dataset in 
relation to the entire curve (projection for complete coverage after the circle). 
Curves positioned on the right represent more sequence diverse metagenomes 
























Figure 4-2: OTU sharing network based on 16S rRNA gene sequences from 
metagenomes. Samples are clustered (positioned) according to the presence 
and abundance of their shared OTUs (using make_otu_network.py, a QIIME 
script; Caporaso et al. 2010b). White dots represent OTUs, and a line connecting 
these dots to a bolded sample dot indicates that the OTU is present in that 
sample. The colors of lines and bolded sample dots correspond to the source 







16S fragments recovered from metagenomes revealed several broad 
taxonomic groups that were common to either tundra or temperate ecosystems 
(i.e., ubiquitous in one, absent from the other). Namely, methanogenic archaeal 
classes Methanomicrobia and Methanobacteria were present in all tundra 
locations (CiPEHR, BC, and NC) (0.22% of total community, on average), but 
were non-detectable in any temperate soil metagenome (KFFL, ZXM, and UIL). 
Other groups specific to tundra soils include Chlorobi class Ignavibacteria, 
Bacteroidetes class Bacteroidia, Crenarchaeota class MCG, Nitrospirae family 
Thermodesulfovibrio (obligate anaerobic sulfate reducer; Henry et al. 1994; 
Sekiguchi et al. 2008), Chloroflexi class Dehalococcoides, and phylum 
Lentisparae. Conversely, Nitrososphaeraceae, an archaeal family of ammonia 
oxidizers, was detected in all temperate soils (~1% abundance, on average), but 
was non-detectable in all tundra soils. Nitrosomonas, an ammonia oxidizing 
bacterium (Campbell et al. 2011), displayed patchy representation in OK 16S 
rRNA amplicon datasets, but was non-detectable in all tundra metagenomes or 
when using CiPEHR 16S rRNA amplicon sequences (Table C-6).  
 PCR amplicon sequences of the 16S rRNA gene (which allowed for a 
greater number of sequences per sample for analysis, relative to using 16S 
sequences derived from metagenomes) revealed that phylum Acidobacteria 
dominated the CiPEHR soil communities, representing 51.2%±11.62% of all 
members (mean±one standard deviation; Table C-7), followed by Proteobacteria 
(15.5%±6.2%), Verrucomicrobia (15.1%±4.4%), Actinobacteria (8.7%±2.8%), and 
Bacteroidetes (2.7%±4.8%). Oklahoma soils were instead dominated by 
Proteobacteria (29.2%±4.4%), Verrucomicrobia (20.9%±6.6%), Acidobacteria 
(20.2%±1.9%), Actinobacteria (9.2%±2.8%), Bacteroidetes (4.0%±1.0%), 
Planctomycetes (3.3%±1.2%), and Firmicutes (2.5%±1.7%). Less-dominant 
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phyla that were markedly more abundant at OK versus AK were Cyanobacteria 
(0.72% vs. 0.10%; OK mean vs. AK mean), Chloroflexi (1.80% vs. 0.41%), 
Nitrospirae (1.21% vs. 0.24%),  Crenarchaeota (0.37% vs. 0.02%), OP3 (0.13% 
vs. 0%), and TM6 (0.15% vs. 0.01%). AD3 (1.01% vs. 0.29%; AK mean vs. OK 
mean), and Chlorobi (0.48% vs. 0.04%) represented low abundant phyla that had 
a markedly greater mean abundance at CiPEHR compared to KFFL.  
 
4.4.3. Metabolic comparison of tundra and temperate soils 
 Initial benchmarking with different read lengths indicated that a 
comparison including publically available metagenomes would not be robust 
given that sequences of different lengths presented inconsistent annotations; a 
finding consistent with those reported by Luo et al. 2014b. The publically 
available DNA sequences were all shorter than the 2x150 bp sequences 
available from CiPEHR, AK and KFFL, OK soil metagenomes. Thus, functional 
gene comparisons were limited to the CiPEHR, AK and KFFL, OK datasets. 
 Gene content dissimilarity derived from Euclidean distances of variance-
stabilized data in DESeq2 (Figure C-3), displays high contrast between the 
CiPEHR, AK and KFFL, OK sites relative to dissimilarity between samples within 
a site. Analysis of functional genes from metagenomes involving the degradation 
of SOM revealed site-specific patterns for several processes. SOM degradation 
genes that were significantly more abundant in AK soil metagenomes compared 
to OK included those involved in the catabolism of chitin (79.3% percent higher 
abundance in AK relative to OK), cellulose (73.2%), simple carbohydrates 
(81.2%, on average, for monosaccharides; 40.1%, on average, for sugar acids; 
68.6%, on average, for sugar alcohols), and lipids such as triglycerides and 
phospholipids (80.6% and 62.9%, respectively) (adjusted p-value <1e-3; 
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Negative binomial test with DESeq2; Figure C-4). These findings were also 
congruent with previous studies of Artic tundra soils that found high numbers of 
chitinase, sugar alcohol, and mono- and disaccharide degradation genes in 
metagenomes (Yergeau et al. 2010) and metatranscriptomes (Tveit et al. 2014). 
Genes related to the catabolism of lignin and phenolic compounds were 71.0% 
and 58.9% more abundant in OK metagenomes, respectively (adjusted p-value 
<1e-3; DESeq2; Figure C-5). Genes corresponding to the Wood–Ljungdahl 
carbon fixation pathway (carbon monoxide dehydrogenase/acetyl-CoA synthase 
subunit alpha and 5-methyltetrahydrofolate:corrinoid/iron-sulfur protein co-
methyltransferase proteins), which are primarily used by acetate-producing 
bacteria and methanogens (Roberts et al. 1994, Matschiavelli et al. 2012), were 
50-200 times more abundant in AK metagenomes, relative to OK (Table C-8).  
 While genes related to denitrification (N-loss from ecosystem) were more 
abundant at OK (e.g., >3 times greater abundance of nosZ at OK), genes related 
to N-fixation (N-gain) were significantly more abundant in AK relative to OK 
datasets (46%, on average) (adjusted p-value <1e-3; DESeq2; Figure C-5). More 
specifically, NifH nitrogenase iron protein was more than 80 times more 
abundant in AK relative to OK metagenomes (Table C-8). SoxAX cytochrome 
complex subunit A, a protein responsible for sulfur oxidation, was much higher in 
abundance in OK metagenomes, whereas genes involved in sulfate reduction 
(primarily sulfate adenylyltransferase subunit proteins), hydrogen sulfide 






4.4.4. Contig binning and population reconstruction from Alaska soil 
metagenomes 
 Contig binning resulted in the recovery of twenty-seven population bins, 
twelve of which were >80% complete based on the recovery of 104 single-copy 
universal bacterial genes using CheckM (Parks et al. 2015), with 0%-1.7% 
contamination (Table 4-1 and Table C-9). Fourteen of the bins had an N50 (i.e., 
the length that >50% of the assembly is in contigs of this length or longer) 
between 20,203 bp and 218,163 bp. Collectively, the 27 assembled population 
bins recruited 7.5% of all reads, on average (9.2% max), for the 11 



















Table 4-1: Summary statistics for the most complete population bins. 
Assembly statistics, including N50 (i.e., the length that >50% of the assembly is 
in contigs of this length or longer), the length of the longest contig, the total 
length of all contigs combined, and the number of contigs comprising a bin, as 
shown. All contigs were >1 kbp long. CheckM was used to assess each bin for 
completeness, evaluating the presence of 104 single copy bacterial genes. The 
number in each column represents the number of instances each of the 104 
bacterial single copy genes was found in each bin (i.e., 98 single copy genes 
were found once in Bin 01). Bins highlighted in green indicate those detected in 
distant tundra locations (100-530 km from CiPEHR, AK) at >2X representation of 
the genome. Single copy marker genes that occur more than once served as an 
indicator of contamination – i.e., that the assembly is combined with sequences 
from a more than one organism. 
 















1 87585 258416 4341484 85 5 98 1 94.0% 1.7% 
2 44196 144885 4793253 228 21 83 0 89.7% 0.0% 
3 167654 415574 5822639 110 4 100 0 95.7% 0.0% 
4 36041 146424 2468837 156 14 90 0 81.0% 0.0% 
5 20203 76412 2053920 189 12 92 0 83.5% 0.0% 
6 54187 226195 3684989 154 2 102 0 97.4% 0.0% 
7 142525 388009 5910590 149 12 92 0 89.8% 0.0% 
8 65109 167976 3268372 73 3 100 1 95.7% 1.7% 
10 12295 50046 2301754 289 18 85 1 81.3% 1.7% 
11 51987 197629 5172412 191 2 102 0 98.8% 0.0% 
20 13258 53656 3231835 375 31 71 2 83.1% 1.0% 
22 27045 163169 4115219 235 30 74 0 74.4% 0.0% 






Figure 4-3: Abundance of individual populations (bins) in various Alaskan 
tundra metagenomes determined by read mapping. Results were obtained by 
the number of sequences that matched a population genome at ≥200 bp and 
≥98% nucleotide identity for CiPEHR metagenomes (≥90 bp and ≥98% 
nucleotide identity for metagenomes at other locations), divided by the number of 
reads used as query (all merge-able paired-end sequences ≥200 bp at CiPEHR; 
sequences ≥90 bp at other sites). Bin abundance is given for two KFFL, 
Oklahoma metagenomes for contrast. Taxonomic affiliation is provided for bins 
with full or partial 16S ribosomal sequence, along with the average amino acid 
identity (AAI) to the corresponding genome. *Nucletide identity given 
corresponds to the 23S sequence because the 16S gene was not available. 
**AAI is derived from comparison to a genome that is not the same as the 16S 
match because a genome sequence was not available for these references; 





Figure 4-4: Metabolic pathways identified in seven assembled population 
bins. Selected metabolic transformations and other cellular activities are 
represented by both the name of the gene known to encode the protein enzyme 
for them as well as the substrate of the enzyme. Protein enzymes were identified 
by searching predicted proteins against Swiss-Prot database, as well as by 
searching against close representatives of selected organisms: Acidobacteria 
Ca. Solibacter usitatus Ellin6076 and Ca. Koribacter versatilis Ellin345 for bins 
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03, 06, 07, and 22; Chlorobi Ignavibacterium album JCM 16511 for bin 04; 
Verrucomicrobium Opitutus terrae PB90-1 for Bin 01. In all instances besides 
zupT, mglA, phoU, sad, and pit, pathways were only displayed if all or most 
genes of an operon involved in the same pathway/process were detected as 
present. Colored circles alongside genes indicate that the bin assigned to that 
color (see legend on top right) encoded the gene (blastp cutoffs: e-value <1e-20, 
bitscore >100). A black-filled circle indicates that all seven bins in the upper right 
box possessed the accompanying gene. 
 
 
 We have chosen to highlight seven of the most complete population bins 
below (see also Table 4-1 and Figures 4-3 and 4-4). Bin 01 contained full-length 
16S and 23S rRNA gene sequences matching at 96% and 93.1% nucleotide 
identity, respectively, to an Opitutus sp. (phylum Verrucomicrobia) isolate from an 
anoxic region of rice paddy soil (Chin et al. 2001) (Table C-10). Protein 
annotation of this bin revealed the presence of genes related to methanotrophy, 
including methylamine and methanol pathways (mtaB, mtbA, mttC1). Bin 01 also 
contained genes involved in assimilatory sulfate reduction and transport (sbp, 
cysATW, cysDGHIJK, nodQ), the degradation of a variety of organic compounds, 
including L-arabinose, xylan/xyloglucan, D-glucuronate, ribose, cellulose, and 
rhamnose, and the metabolism of molecular H2 (hndACD, hoxHY, hypABCDEF, 
hupE). 
 Bins 03, 07, 11, 12, and 22 were closely related (>80% ANI) and together 
formed a novel monophyletic clade within the family Acidobacteraceae based on 
partial 23S rRNA gene sequences (Figure C-6). Bin 03 contained 100/104 single-
copy bacterial genes, and partial 16S and 23S rRNA gene sequences (338 bp 
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and 568 bp, respectively; Table C-10). The 23S sequence matched family 
Acidobacteriaceae (94.4% nucleotide identity). Bin 07, possessed a partial (358 
bp) 23S sequence that matched Granulicella mallensis MP5ACTX8 (also 
Acidobacteriaceae) at 94.7% nucleotide identity, which was previously isolated 
from tundra soil in Finland (Männistö et al. 2012). Bin 03 and 07 shared many 
functional genes; including Citric Acid Cycle (TCA) with glyoxylate bypass (icl, 
MAS), in addition to genes required for ‘typical prokaryotic TCA metabolism’. 
Both bins possessed genes for trimethylamine utilization and degradation 
(mttBC, etfABD, mauG) and an ammonium ion transporter on the same operon 
(nrgA), and several genes involved in the degradation of many SOM 
constituents, such as rhamnose import and catabolism (rhaT, rhaB, rhaM), 
degradation of fatty acids (lcf, fadADEN, ech), genes for catabolism of succinate 
(sdhABC), formate (fdoGI, fdhE, fdnHG), and several other genes for the 
catabolism of xylan, xyloglucan, cellulose, arabinan, and chitin and its derivative, 
N-acetylglucosamine. Bin 03 also contained genes for coenzyme B–coenzyme M 
heterodisulfide reductase (hdrABC) and both bins contained genes for other 
methane-related coenzyme activity (cofDEGH). Bin 07 possessed genes for 
anaerobic and aerobic degradation of aromatic compounds (hcrAB, bcrABCD, 
dch, had, oah, boxB). On average, 1.95% of metagenomic reads matched bin 07 
at ≥98% nucleotide identity, making it the most abundant of the assembled 
populations at the AK site (Figure 4-3).  
 Bin 22 shared many metabolic strategies with bins 03 and 07. It also 
contained genes for TCA cycle with glyoxylate bypass (icl, MAS), as well as 
genes for the degradation of carbohydrates and fatty acids. All three bins 
possessed genes for bacterial chemotaxis (cheABRWY), motility proteins 
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(MotAB), and along with bin 06, possessed mutual gliding protein (MglA), but 
none possessed genes necessary for flagellar assembly. 
 Bin 06 possessed 102/104 single-copy genes, and contained a large 
contig ending in a partial 23S ribosomal sequence matching a representative of 
“Candidate Division OP8” and an uncultured Acidobacteria at 79.9% and 80.2% 
nucleotide identity, respectively (Table C-10). Therefore, it probably represents a 
group more distant to known organisms than other assembled bins (Figure C-6). 
This bin contained genes for rhamnose, cellulose, and D-glucarate catabolism, 
hydrogen metabolism (hyfBDEF), sulfoxide reductase (yedYZ), and a wide 
variety of genes for the degradation of aromatic compounds (hcrAB, bcrABCD, 
dch, had, oah, boxBC, nicAB, catIJ, mphP). 
 Bin 04 possessed a partial 23S rRNA gene sequence (760 bp) matching 
to Ignavibacteria (phylum Chlorobi), and also contained Coenzyme B–Coenzyme 
M heterodisulfide reductase genes (hdrABC), which can be involved in anaerobic 
methanotrophy, sulfur reduction, or fermentative pathways. Bin 04 possessed 
only the beta and gamma subunits of the sulfyhydrogenase I complex (hydGB) 
implying that it likely transforms elemental sulfur into hydrogen sulfide with 
molecular H2, or performs the reverse reaction. Bin 08, which contained full 16S 
and 23 rRNA gene sequences, best matching actinobacterial family 
Solirubrobacterales (99.1% and 93.4% nucleotide identity, respectively), 
comprised of 73 contigs and contained 101/104 single copy genes. This genome 
possessed motility proteins (MotAB), as well as genes required for flagella 
assembly (fliEGHKMOPQR, flhAB, flgBCL). It also encoded genes for sulfate 
binding, import, and assimilation (sbp, cysATW, nodQ, cysH, sir1), polysulfide 
reduction using molecular H2 (shyACD), trimethylamine dehydrogenase (tmd), 
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and genes related to the catabolism of fatty acids, chitin, oligopeptides, 
lipopolysaccharides, mannose, galactose, acetate, succinate and pyruvate. 
 None of the twenty-seven bins possessed denitrification genes narG, nirS, 
norB, or nosZ. Bin 20 was found to encode all genes necessary for nitrogen 
fixation (nifABDEHJKNQSV1WXZ). Bin 20 also contained a contig ending in a 
partial 16S ribosomal sequence matching an Acidobacteria representative at 
100% nucleotide identity (169 bp match) and 19/21 ribosomal proteins best 
matched to Acidobacteria Ca. Solibacter or Ca. Koribacter.  
  
4.4.5. Population distribution in other high latitude soils 
 Read recruitment plots against the assembled population bin genome 
sequences revealed that all bins represented sequence-discrete populations, 
with short reads matching population bin sequences mostly at 99%-100% 
nucleotide identity, evenly across the entire genome (examples presented in 
Figure C-7). These findings revealed that soil microbial communities are 
composed of discrete populations, at least for the abundant fraction that is 
robustly assessed by metagenomics. These findings echoed results reported 
previously for other habitats (Caro-Quintero and Konstantinidis 2012). Further, all 
27 population bins were detected in more than one CiPEHR metagenome 
(Figure 4-3). Surprisingly, several bins matched reads in other publicly available 
tundra soil metagenomes (>98% nucleotide identity and even coverage across 
the genome sequence), indicating that these populations are widespread in high 
latitudes and revealing that long-lived, sequence-discrete, tractable populations 
are present in at least some soils. Specifically, datasets from the Nome Creek 
area (Taş et al. 2014), located ~200 km Northeast from the CiPEHR site, 
contained five of the assembled bins at high abundance (i.e., 2-10X coverage of 
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population bin with unassembled short sequences) (Figure 4-3, 4-5 and C-8). 
Metagenomes containing these populations originated from surface (10-20 cm) 
and middle depth (50-60 cm) samples, which undergo seasonal thawing, similar 
to the CiPHER site. Metagenomes representative of the permafrost layer (90-100 
cm) did not contain any of the assembled bins from CiPEHR. Bin 07, the most 
dominant population bin in CiPEHR and Nome Creek site metagenomes, was 
also found in active-layer soil from Bonanza Creek, AK (~100 km Northeast from 
CiPEHR) and in a soil metagenome from Toolik Lake, AK (530 km North of the 
CiPEHR site; Figure 4-5), along with bins 09 and 10 (Figure C-8). Because 
fragment recruitment using Marcell Experimental Forest soil metagenomes 
(SPRUCE experiment in Northern Minnesota; Lin et al. 2014) revealed the 
presence of a distinct acidobacterial population closely related to bins 03, 07, and 
11 (~82% ANI), de-novo assembly was performed on these metagenomes in 








Figure 4-5: Read recruitment plot of population bin 07 at four distinct 
tundra locations. Diagrams expressing coverage of population bin 07 
(assembled from CiPEHR, AK metagenomes) in metagenomic datasets from four 
distinct geographic locations, each separated by 100-530 km distances. All short 
reads from select sample metagenomes were searched against all contigs of the 
bin in a megablast search. The position histogram (top left of each) displays the 
average coverage of each base position, determined by a 1,000 bp window. The 
dark blue histogram represents the coverage at each base position determined 
from reads matching ≥70 bp in length and ≥95% nucleotide identity, while the 
light blue represents the coverage determined from reads matching ≥70 bp in 
length and <95% nucleotide identity. An even coverage across the entire contig 
from matching reads that are high identity (>95%) is indicative of a high quality 
contig from a single population. The recruitment plot (bottom left of each) shows 
where individual metagenomic reads matched to the population bin and the 
identity (%) of the match. The ID histogram (bottom right) displays the total 
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number of short read-derived base-positions at given percent identities. Note that 
in all cases shown, a sequence-discrete population represented by reads 
showing high nucleotide identity to the reference population genome sequence 
(typically >95% nucleotide identity) and even coverage across the length of the 
reference sequence is obvious.  
 
 
4.4.6. Genomic adaptation to fire disturbance at Nome Creek, Alaska 
 Bins 07 and 09 were represented by ~3X coverage or more in both fire-
impacted (soil sampled seven years following a fire disturbance event) and 
control (undisturbed) soil metagenomes from Nome Creek, AK (Taş et al. 2014). 
The adequate coverage of the CiPHER bins obtained in these samples, allowed 
for the investigation, at a fine resolution level, of the genomic adaptations likely 
occurring as a result of the fire-related environmental changes. Briefly, fire 
disturbance at this site resulted in a large reduction in SOM and soil moisture 
content, complete thawing of permafrost, and several years of elevated 
temperatures relative to adjacent undisturbed soils. All genes belonging to 
population bin 07 were represented in metagenome NC3-6 (50-60 cm depth, 
undisturbed; hence, complete representation of the population bin), with an 
average nucleotide identity of 99.6% using all recruited matches resulting from 
megablast (cutoffs: matching length >70 bp, nucleotide identity >60%)  (Figure 4-
5C). Comparatively, the average nucleotide identity of matching sequences in 
NC2-6 (50-60 cm depth, fire-impacted) was 99.1%, and 130 genes of the 
reference genome (2.5% of the total) were absent from the in-situ population 
(adjusted p-values <0.025). Similarly, recruitment of short reads from 
metagenome NC3-6 revealed near-complete representation of population bin 09 
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genes with an estimated ANI of 99.5%, whereas 209 genes of the reference 
genome were absent from the NC2-6 in-situ population, and an ANI of 98.9% 
estimated from the recruited sequences (adjusted p-values <0.025).  Absent 
genes included those involved in transcriptional regulation (9% and 13% in bins 
07 and 09, respectively), carbohydrate transport and metabolism (18% and 
12%), amino acid transport and metabolism (13% and 14%), and nutrient 
transport (8% and 11%), among other functions and hypothetical genes. 
Examples of selected contigs from bins 07 and 09 with high gene absence in fire-
impacted soils are displayed in Figure C-10 (read recruitment from undisturbed 
soils are also shown for contrast). 
 
4.5. Discussion 
4.5.1. Assessment of microbial biogeography reveals conserved, pervasive 
bacterial populations in the Alaskan tundra ecosystem 
 The high degree of microbial community heterogeneity often observed in 
soil systems remains poorly understood. Here, we reported the detection of 
discrete bacterial populations, several of which -but not all- were also found in 
locations that are separated by distances of up to 530 km (Figures 4-3, 4-5 and 
C-8). These findings were consistent with previous studies that reported a large 
degree of shared genera between tundra locations separated by up to 70 km 
(Frank-Fahle et al. 2014). The patchy representation of certain population bins 
within and between study sites uncovers an inherent feature of this 
heterogeneity, i.e., although soils within close proximity (cm to m distances) may 
not share certain microbial populations, these populations can be shared by soil 
samples separated by several hundred kilometer distances. These findings 
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reveal that micro-variable soil conditions and niche space might be shared 
across large geographic regions in the tundra ecosystem, but not uniformly. The 
Acidobacteria bin 07, which possessed metabolisms for elemental hydrogen, 
elemental sulfur, sulfate, methanotrophy, TCA cycle with glyoxylate bypass, and 
catabolism of fatty acids, carbohydrates, and recalcitrant SOM such as chitin and 
aromatic compounds, was the most dominant population within the CiPEHR site 
metagenomes (Figure 4-3), and was also found, at high relative abundance 
(Figure 4-5), in metagenomes from three other tundra locations, all separated by 
≥100 km. These findings revealed a successful generalist population, capable of 
thriving in many distinctive locations over broad geographical distances, and also 
suggests that microbial species conservation may dominate over high habitat 
specificity for certain soil prokaryotes. Furthermore, bins 03, 07, 11, 12, and 22 
comprise a monophyletic group of closely related populations with >97% 
ribosomal gene sequence similarity (Figure C-6) or high ANI (~80% or greater). A 
close relative to this group (82.2% ANI to bin 11; Figure C-9) was assembled 
directly from Marcell Experimental Forest soil metagenomes (~3,780 km from 
CiPEHR; Lin et al. 2014), and recruited up to 6.8% of all metagenomic reads 
from its source metagenome. This finding underscores the high dominance of 
this relatively narrow (phylogenetic) Acidobacteria clade across large geographic 
distances (i.e., 3,780 km, or more).  
 Previous studies have demonstrated the rapid response of active layer 
tundra soil microbes to elevated temperatures in the laboratory (Mackelprang et 
al. 2011), and here, we demonstrated the tempo and mode of adaptation of 
tundra bacterial populations to environmental perturbations such as prolonged 
fire events. In this case, adaptation took place by altering 2-3% of the genome 
within a period of seven years or less. This is quite remarkable for soils microbes, 
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especially those in low-temperature high latitudes, which are traditionally viewed 
as slow growers (Price and Sowers, 2004). Many of the genes absent from in-
situ populations of fire-impacted soils (but present intact in undisturbed soils) 
were assignable to pathways related to the transport and catabolism of simple 
SOM substrates and gene regulation, implying that such disturbance events may 
have long lasting effects on soil C cycling. Taş and colleagues (2014) 
demonstrated that for middle layer depths (50-60 cm; same depth assessed in 
our own comparison) subject to fire, genes for simple carbohydrate metabolism 
decreased in abundance; here, we demonstrate that at least part of this change 
was attributable to the genomic alteration of existing, dominant microbial 
populations. Furthermore, the loss of transcriptional regulatory genes may reflect 
an alleviation of prior metabolic constraints (e.g., due to increased temperature or 
decreased moisture content in this case). Consistent with these findings, Coolsen 
and Orsi (2015) demonstrated that transcriptional regulation and signal 
transduction represented a large category of genes that were differentially 
regulated between thawed or frozen permafrost soils. Our cross-site comparison 
exemplified the usefulness of combining datasets from multiple studies and 
showed that sequences and genomes recovered from soil can be meaningfully 
combined with datasets representing the same ecosystem elsewhere, at least in 
this Alaskan tundra ecosystem. 
 
4.5.2. Contrasting taxonomic composition and functional gene content in 
tundra and temperate topsoil 
 The assembled population bins were highly representative of both the 
taxonomic and functional composition of the whole-community in CiPEHR, AK 
soils, epitomizing several pathways that were more abundant at tundra relative to 
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temperate metagenomes. Even though the bins were comprised of organisms 
from several phyla, many metabolic pathways were nearly ubiquitous amongst 
the bins. Namely, several organisms contained genes indicative of methane or 
methylamine metabolism(s). The majority of populations encoded genes for the 
formation or catabolism of gaseous hydrogen. Many also contained pathways for 
the degradation of SOM, capable of degrading compounds of varying 
recalcitrance, i.e., chitin, cellulose, cellobiose, xylan, mannan, xylose, β-
galactosides, raffinose, arabinose, aromatics, etc., several of which are highly 
expressed or abundant in tundra soils, as found previously (Yergeau et al. 2010; 
Tveit et al. 2014).  A large portion of the latter compounds is apparently plant-
derived, revealing the tight coupling between aboveground plant and 
belowground microbial communities in the tundra ecosystem. While genes 
responsible for the degradation of more labile carbohydrates are in greater 
relative abundance in CiPEHR metagenomes, it is clear that genes related to the 
degradation of many recalcitrant compound categories, such as phenolics and 
lignin, are more abundant in KFFL, OK metagenomes compared to CiPEHR 
(Figure C-4 and C-5), consistent with the differences in aboveground plant 
communities between the two sites. Further, the presence of genes recognized 
as hydrogeno- and methano-trophic in annotated short reads and assembled 
population bins, along with the absence of archaeal population bins and low 
overall methanogen abundance determined by 16S rRNA community analysis, 
suggests that methane production likely occurs at deeper layers in CiPEHR sites 
and migrates upwards towards the surface, where it is either released to the 
atmosphere or consumed by bacteria. Consistent with these interpretations, a 
recent study using metagenomes which included several of the assembled bins 
from CiPHER according to our analysis, displayed an overall reduced archaeal 
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presence in active layer compared to permafrost layer soil depths (Taş et al. 
2014).   
 Previous studies have shown that permafrost ecosystems are nitrogen-
limited (Shaver and Chapin, 1980; Martineau et al. 2010; Wild et al. 2014) and 
this was reflected in both our own Illumina datasets as well as the 454 datasets 
determined by Yergeau and colleagues (2010) for permafrost soils. For instance, 
although evidence of nitrate/nitrite transport was present, none of the binned 
populations displayed a significant role in the denitrification process. It is possible 
that decreased denitrification potential (i.e., processes ultimately leading to 
nitrogen loss from the ecosystem) is a community adaptation to limiting N-
availability, given that the genetic potential for this activity is lower at CiPEHR 
relative to KFFL, even though other metabolic pathways at CiPEHR are 
indicative of anaerobic conditions. N-limitation likely plays a role in constricting 
soil organic matter degradation in permafrost ecosystems. If N-cycling in these 
systems was altered due to anthropogenic related changes to the ecosystem 
(e.g., agriculture practices and climate change), it is necessary to understand 
how this will relate to greenhouse gas emissions (climate feedbacks), i.e., an 
increase in N-availability would stimulate aboveground plant communities and act 
as a C-sink or would increase denitrification activity resulting in acceleration of 
N2O (a potent greenhouse gas) emissions. Furthermore, previous research 
demonstrated that addition of organic N to active layer tundra soil high in SOM 
content resulted in a 2-3-fold increase in SOM decomposition (Wild et al. 2014). 
Notably, one Acidobacteria (bin 20) possessed a complete assortment of 
nitrogen fixation genes, which is to the best of our knowledge, the first report of 
nitrogen fixation for a member of phylum Acidobacteria. 
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4.5.3. Relative taxonomic and functional complexity of tundra and 
temperate soil communities 
 Metagenomes representing temperate topsoils displayed greater 
taxonomic and functional diversity than those from Alaskan tundra. The lower 
diversity in tundra may be related to longer generation times, restrictive metabolic 
conditions (e.g., O2 restriction or lower temperature), and/or lower diversity of 
plant-derived organic carbon. Recent studies have shown that a constraint on 
diversity for certain functional traits results in decreased ecosystem functioning 
(Salles et al. 2012, Singh et al. 2014). Hence, changes in the diversity of 
functional genes relevant to SOM degradation may constrain or promote the rate 
at which these soils systems respond to environmental perturbations. 
Accordingly, the tundra microbial communities are presumably more vulnerable 
(less robust) to environmental change compared to their temperature 
counterparts.  
 
4.6. Summary and future work 
The degree to which microbial variability differs between ecosystems is 
essential for research efforts endeavoring to holistically understand soil microbial 
ecology in the context of ecosystem functioning and how environmental changes 
affect microbial activities and services. Our analyses revealed several taxa, at 
different resolution levels, i.e., OTUs, taxonomic clades, or individual populations, 
that are ubiquitous, and frequently among the most abundant members of the 
corresponding communities, in the active layer of Alaskan tundra soils. Thus, 
their relative contribution to various ecosystem functions is expected to be high. 
These assembled bins and DNA sequences provided here represent potential 
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model organisms for future in-situ experimental manipulations; for instance, 
through the design of population-specific PCR for assessing gene transcript 
(activity) level, allowing potential linking of methane, nitrogen, SOM, etc. turnover 
to individual populations. 
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CHAPTER 5: CONTRASTING RESPONSES OF TUNDRA SOIL 
MICROBIAL COMMUNITIES AT TWO CRITICAL DEPTHS AFTER 
FIVE YEARS OF EXPERIMENTAL WARMING 
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Northern-latitude tundra soils harbor substantial carbon stocks that are 
highly susceptible to microbial degradation with rising global temperatures. In this 
study, Alaskan tundra soil communities subjected to five years of experimental 
warming in situ were evaluated with shotgun-metagenomic sequencing at two 
depths: 15-25 cm (active layer) and 45-55 cm (recently-thawed permafrost 
boundary layer). Warming increased soil temperature evenly across the depth 
profile, but resulted in a considerably larger increase to annual thaw duration at 
45-55 cm (+74.3%) relative to 15-25 cm (+7.7%). Among many shifts caused by 
warming at 45-55 cm, genes for methanogenesis and respiratory nitrate and 
sulfate reduction increased in relative abundance, whereas cytochrome c 
oxidase genes decreased from interactive effects of increased temperature and 
thaw depth. Increased methanogenesis potential coincided with a 3-fold increase 
in the dominant archaeal clade Methanosarcinales, for which genomes were 
recovered bioinformatically and found to encode genes for methanogenesis from 
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acetate, CO2, and methanol. In contrast to small or insignificant differences after 
1.5 years of experimentation, five years of warming resulted in significant 
changes to the abundances and composition of functional traits involved in 
carbohydrate metabolism at 15-25 cm. These shifts were more attributable to the 
direct effects of elevated temperature rather than indirect effects, such as a 
25.2% increase in aboveground biomass. Collectively, our results demonstrated 
the speed of tundra community responses to moderate warming, greater 
susceptibility of profiles at or adjacent to the permafrost-layer boundary, and 
highly contrasting modes of response between either critical depth profile. 
 
5.2. Introduction  
Representing only ~16% of Earth’s terrestrial surface, northern-latitude 
permafrost soils and their overlaying active layers harbor an estimated 1,672 to 
1,832 Pg of carbon (C) in the form of soil organic C (SOC), which accounts for 
~50% of the global SOC reservoir (Tarnocai et al., 2009; Ciais et al., 2013; Mu et 
al., 2015). This large C stock has accumulated and been preserved for 
thousands of years, primarily due to low temperatures and frozen conditions, 
which constrain microbial metabolisms involved in complete SOC mineralization 
(Schuur et al., 2008; Hicks Pries et al., 2012). Elevated atmospheric greenhouse 
gas concentrations are increasing global temperatures, and northern-latitude 
areas are experiencing a rate of warming that is more than twice the global 
average (IPCC 2013). As a result, regionally widespread and ongoing permafrost 
thaw is being observed (Jorgenson et al., 2001; Lawrence and Slater 2005; 
Osterkamp 2007; Romanovsky et al., 2010), and it has been estimated that 
permafrost could recede further by 30-70% by the end of the 21st century (Schuur 
and Abbott 2011; Lawrence et al., 2012). The resulting alleviation of prior abiotic 
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constraints is expected to stimulate microbial metabolisms involved in the release 
of greenhouse gases, particularly CO2 and CH4, threatening a potentially large 
positive feedback to climate warming (Heimann and Reichstein 2008; Schuur et 
al., 2013; Abott et al., 2016). Yet, despite the importance of delineating microbial 
response mechanisms for improving future climate change predictions, efforts to 
do so are hampered by the enormous complexity of soil microbial communities, a 
high degree of compositional heterogeneity in situ and across physicochemical 
gradients, and large knowledge gaps regarding their metabolic functions and 
other ecological attributes. 
It is expected that deeper tundra soil, which can be altogether frozen (e.g., 
permafrost) and buffered by seasonal and diurnal temperature extremes, will be 
comparatively more vulnerable to temperature rise. For instance, previous 
investigations of lab-incubated permafrost soils under elevated temperatures 
reported observable shifts in community structure and functioning over a duration 
of weeks (Mackelprang et al., 2011; Coolen and Orsi 2015). Increasing 
temperatures and active layer thickness (i.e., an extension of maximum annual 
thaw depth) also affects other components of the soil, such as redox conditions, 
water availability, nutrient cycling, and aboveground vegetation (Schuur et al., 
2009; Hinzman et al., 2013, Lipson et al., 2015; Keuper et al., 2012; Penton et 
al., 2016). These ecological alterations, in turn, can result in additional, indirect 
effects of warming to soil communities. For instance, gradual shifts in vegetative 
communities can alter soil physical conditions, establish new plant-microbe 
symbioses, promote oxygen and/or or methane transit, and change the amount 
and type of plant material inputted to soil (Bais et al., 2006; Grogan et al., 2001; 
Ström et al. 2005; Hicks Pries et al., 2013). Previous investigation of a 
temperature-limited steppe ecosystem found plant and soil communities shifting 
 
 148 
in concert under conditions simulating future climate change (Zhang et al., 2017). 
A combination of soil warming and redox conditions favorable for energy-yielding 
activities can result in a more rapid release of CO2 from tundra soils (Elbering et 
al., 2013; Lee et al., 2012). Under less favorable redox conditions, microbes can 
degrade SOC by gradually using electron acceptors with declining redox 
potentials, and conditions can eventually become suitable for methanogenesis 
(Mackelprang et al., 2016). This can result in lower C loss compared to 
oxygenated conditions, and yet have greater feedback to climate due to larger 
CH4:CO2 of emissions (Lee et al., 2012). 
Hence, the microbial and environmental features that serve as potential 
candidates for ecosystem-level evaluation of soil C release are vast and 
interconnected. Recent advances in next-generation sequencing now allow for 
near-complete complete representation of the DNA materials recovered from 
tundra soils, due in part to lower diversity in relation to temperate grassland and 
agriculture habitats (Johnston et al., 2016). This genetic information can then be 
used to investigate numerous microbial mechanisms that potentially interact with 
other ecological factors under transitioning climate conditions. However, due to 
the recent nature of these advancements and other valuable ‘omics approaches, 
investigations of complex soils at the whole-community level are only beginning 
to emerge. There remain large gaps in our understanding of tundra 
microorganisms involved in CO2 and CH4 generation and the degree to which 
these activities extend from and/or contribute to processes occurring at regional 
and global scales. An improved understanding of the microbial clades and 
functions involved could help predict greenhouse gas fluxes and lead to an 
improved assessment of ecosystem-scale responses to climate warming 
(McCalley et al., 2014). 
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To advance these topics, the Carbon in Permafrost Experimental Heating 
Research (CiPEHR) site was established in a discontinuous permafrost region in 
Interior Alaska in 2008, and represents the first experiment to degrade surface 
permafrost without delaying spring soil melt (Natali et al 2011; Natali et al., 2012). 
In warmed plots, soil is insulated from frigid conditions during the winter months 
with snow fences that increase aboveground winter snow accumulation. This 
results in soil temperatures that are elevated year-round and also in the warming 
of deep soil, a manipulation not typically achieved with previous tundra warming 
experiments. Previous research at this site demonstrated rapid physiological 
responses after just two winters of experimentation. However, community-wide 
shifts in microbial structure were less discernible at this early stage, perhaps due 
to a lag between physiological response and corresponding shifts at the DNA 
level (e.g., cellular proliferation of responsive taxa is needed to observe 
differences in community structure) (Xue et al., 2016; Johnston et al., 2016). In 
this study, shotgun-metagenomic sequencing was used to assess responses of 
soil community structure to 5 years of experimental warming at two depths: 15-25 
cm (pre-existing active layer) and 45-55 cm (the permafrost boundary layer at the 
initiation of experiment). The specific objectives were to (i) compare the relative 
sensitivities of microbial communities at either depth to elevated temperatures, 
(ii) identify and contrast the modes of response between depths, and (iii) assess 
differences in the direct and indirect (e.g., thaw, moisture, plant community, etc.) 





5.3. Materials and methods 
5.3.1. Study site description and sample collection 
The Carbon in Permafrost Experimental Heating Research (CiPEHR) site 
was established at a moist acidic tundra area in September 2008 at an area in 
Interior Alaska near Denali National Park in the Eight Mile Lake region 
(63º52’59’’N, 149º13’32’’W). The experimental plots were located in the 
discontinuous permafrost region where permafrost thaw has been observed in 
the past several decades. Experimental design and site description were 
described in detail previously (Natali et al., 2011). Generally, three experimental 
blocks were located approximately 100 m away from each other. In each block, 
two snow fences were constructed about 5 m apart in the winter. The winter 
warming treatment plots were located 5 m back from the leeward side of the 
snow fences, while the paired control plots were at the windward side of snow 
fences. Soil temperature was increased in the winter warming plots due to thicker 
snow cover on soil surface and lower wind strength. The snow fences were 
removed in the spring before the snow melting to uniform hydraulic condition in 
both winter warming and control treatments.  
From 1976 to 2009, mean monthly temperature in the field ranged from ‒
16 °C in December to 15 °C in July, with an annual mean temperature of ‒1.0 °C. 
The average annual precipitation was 378 mm. Only C3 plant species were 
observed in this area. Dominant species include Eriophorum vaginatum, 
Vaccinium uliginosum, some other vascular species, nonvascular feather moss 
and lichen. In the experimental plots, the upper 45-65 cm soil was rich in organic 
C materials and below was mineral soil with a mixture of glacial till and 
windblown loess. The active layer depth was about 50 cm at initiation of the 
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experiment, but has since expanded to lower depths. Twelve soil cores, six from 
each treatment, were taken using electric drills in destructive sampling plots at 
the six snow fences in the beginning of 2013 growing season (May), four and half 
year after the start of the winter warming manipulation.  
 
5.3.2. Site monitoring and characterization of environmental indices 
Thaw depth was measured weekly during the growing season (May to 
September) using a metal depth probe. The thaw depth data presented in this 
study were the average values for the 2010 growing season. Constantan–copper 
thermocouples and CR1000 data loggers (Campbell Scientific) were used to 
measure and record soil temperature and moisture content at each depth every 
half hour in flux bases installed in each plot. Volumetric water content from the 
soil surface to 15 cm depth was measured using site-calibrated Campbell CS616 
water content reflectometer probes Soil moisture data presented in this study 
were averaged over the growing season. 
To prepare soils for microbial and chemical analyses, visible roots and 
stones were removed by metal forceps. To measure soil C and nitrogen (N), soil 
samples (5 g) were dried at 70 °C until constant weight, ground to powder, 
encapsulated in silver foil and fumigated with HCl for 24 h at room temperature to 
remove soil inorganic C (carbonates). Soil C and N concentrations were 
analyzed in the Colorado Plateau Stable Isotope Laboratory at the Northern 
Arizona University on a DELTA V Advantage isotope ratio mass spectrometer 
(Thermo Fisher Scientific), configured through a Finnigan CONFLO III (Thermo 
Fisher Scientific) and using a Carlo Erba NC2100 elemental analyser (CE 
Elantech). The total organic C (TOC) and soil N content of each sample were 




5.3.3. Soil DNA isolation, metagenome library preparation, and sequencing 
Soil DNA was extracted using a PowerMax Soil DNA Isolation Kit (MO 
BIO Laboratories, Inc., Carlsbad, CA, USA) according to manufacturer’s protocol. 
DNA quality was assessed based on spectrometry absorbance at wavelengths of 
230nm, 260nm and 280nm detected by a NanoDrop ND-1000 
Spectrophotometer (NanoDrop Technologies Inc., now NanoDrop Products by 
Thermo Fisher Scientific). The absorbance ratios of 260/280 nm were around 
1.8, and of 260/230 nm were larger than 1.7. Quantification of DNA isolated from 
soil was performed using a Qubit 2.0 Fluorometer and the Qubit dsDNA HS 
Assay Kit (Thermo Fisher Scientific). Dual-indexed DNA sequencing libraries 
were prepared using the Illumina Nextera XT DNA library prep kit according to 
manufacturer’s instruction except that the protocol was terminated after isolation 
of cleaned double-stranded libraries. Prepared library DNA concentrations were 
determined with a Qubit HS DNA assay and libraries were run on a High 
Sensitivity DNA chip using the Bioanalyzer 2100 instrument (Agilent) to 
determine library average insert sizes. DNA libraries were sequenced at the 
Georgia Institute of Technology High Throughput DNA Sequencing Core on an 
Illumina HiSeq 2500 instrument in the rapid run mode for 300 cycles (150 bp, 
paired-end mode). Adapter trimming and demultiplexing of sequences 







5.3.4. Bioinformatics data analyses  
Metagenomic paired-end reads were merged using PEAR (Zhang et al., 
2014) (options: -p 0.001). All merged and non-merged reads were then quality-
trimmed with the SolexaQA package (Cox et al., 2010) (options: -h 17; > 98% 
accuracy per nucleotide position). Trimmed sequences used downstream for 
functional annotation or taxonomic assignment were truncated to 150 bp to avoid 
read-length biases.  
For the assessment of taxonomic composition, 16S and 23S rRNA gene 
fragments were first recovered from metagenomes using SortMeRNA (Kopylova 
et al., 2012). The relative proportion of sequences matching to bacterial vs. 
archaeal rRNA gene sequences from SortMeRNA was used to estimate the 
relative abundances of either domain. For this, abundances were first derived for 
16S and 23S rRNA genes independently, and then averaged. The relative 
abundances of bacterial phyla were determined with Parallel-META 2.0 (Su et 
al., 2014), using SortMeRNA output sequences as input. Archaeal phylum-level 
classification summaries were determined by aligning SortMeRNA output 
sequences against the SILVA SSU database (v132) (Quast et al., 2013) using 
BLASTN alignment (BLAST+ version 2.2.28; options: -word_size 18) (Camacho 
et al., 2009). Matches to archaeal sequences with > 80% nucleotide identity and 
> 100 bp alignment length were retained. To calculate the abundances of 
archaeal phyla in each metagenome as a proportion of the whole prokaryotic 
community, the number of sequences matching to each phylum were first 
normalized by the total number of sequences matching to Archaeal SILVA SSU 
references and then multiplied by the relative abundance of Archaea (as 
determined above). In order to assess community phylogenetic structure, 
SortMeRNA output sequences were used with the Qiime software package 
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(QIIME 1) (Caporaso et al., 2010) for closed-reference OTU picking with 
UCLUST (options: -m uclust_ref -C -z) (Edgar 2010) against the Greengenes 
database dereplicated at 99% nucleotide identity (DeSantis et al., 2006). 
Resulting OTUs with < 3 counts in all 24 sample metagenomes were removed 
from the OTU table to reduce noise. Pre-aligned Greengenes reference 
sequences represented in the OTU table were then used to construct a 
phylogenetic tree using FastTree (Price et al., 2010). The resulting phylogenetic 
tree and OTU count table was then used to generate a weighed UniFrac distance 
matrix summarizing pairwise phylogenetic distances between communities. 
Short nucleotide sequences were searched against the Swiss-Prot 
(downloaded on 11-27-2016) (UniProt Consortium 2015) and CAZy 
(Carbohydrate-Active enZYmes; downloaded on 07-15-2016) (Cantarel et al., 
2008) reference databases using DIAMOND BLASTX alignment (options: -k 1 -e 
1E-5 --sensitive) (Buchfink et al., 2015). Matches to Swiss-Prot or CAZy 
reference sequences with a bit score > 55 were retained for further analysis. 
Independent count matrices were made to summarize the results of alignment 
against either database. A reference data file associating Kegg Orthology 
functions (KO terms) (Kanehisa et al., 2016) to Swiss-Prot database entries was 
obtained from http://www.uniprot.org/downloads and was used to convert Swiss-
Prot annotation counts into a more consolidated count matrix of KO terms. 
Swiss-Prot annotations were also consolidated into Gene Ontology (GO) 
categories as described previously in Johnston et al., 2016 (see Chapter 4). 
Annotations to CAZy reference sequences were consolidated into count matrix of 
structurally-related catalytic and carbohydrate-binding families. They were also 
consolidated further into the six broad functional modules covered in the CAZy 
database, including Glycoside Hydrolases (GH), GlycosylTransferases (GT), 
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Auxiliary Activities (AA), Carbohydrate Binding (CBM), Carbohydrate Esterases 
(CE), and Polysaccharide Lyases (PL). For each sample metagenome, the 
abundances of summarized CAZy definitions, as proportions of all functional 
genes, were determined by normalizing the number of annotations matching to 
each broad definition by the number of annotations matching to the more 
functionally-comprehensive SwissProt database as well as the total number of 
sequences originally used as query for functional annotation. For the 
summarized count matrices of KO terms or CAZy enzyme families (not 
summarized into modules), compositional dissimilarity between samples was 
calculated with Bray-Curtis and abundance weighted Jaccard distance metrics.  
Merged and trimmed, non-truncated reads were assembled with IDBA-UD 
(Peng et al., 2012) (options: --mink 43 --maxk 123 --step 4 --min_contig 300). 
Resulting contigs > 2 kbp were used with MetaBAT2 (options: --minCVSum 10) 
(Kang et al., 2015) and MaxBin2 (options: -min_contig_length 2000) (Wu et al., 
2016) to bin assembled contigs for the recovery of microbial population 
genomes. Prior to binning, Bowtie 2 was used to align short-read sequences to 
assembled contigs (options: --very-fast) (Langmead and Salzberg 2012) and 
SAMtools was used to sort and convert SAM files to BAM format (Li et al., 2009). 
Sorted BAM files were then used to calculate the coverage (mean 
representation) of each contig in each sample metagenome. The quality of each 
resulting metagenome-assembled genome (MAG) was evaluated with CheckM 
v1.0.3 taxonomy workflow for Bacteria and Archaea, separately (Parks et al., 
2015). The result from either evaluation (i.e., taxonomy worlkflow for Archaea or 
Bacteria) with the highest estimated completeness was retained for each MAG. 
Only MAGs with a quality score  > 60 were retained (from Parks et al., 2017; 
calculated as the estimated completeness minus five times the estimated 
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contamination). FastANI (Jain et al., 2017) was used to estimate the average 
nucleotide identity (ANI) between MaxBin2 and MetaBAT 2 generated MAGs. For 
redundant MAGs obtained independently from either binning method that 
matched at > 95% ANI and were derived from the same assembled 
metagenome, the MAG version with the highest quality score was retained while 
the other was discarded. When these scores were identical, the CheckM lineage 
workflow was used to recalculate and compare scores. When quality scores 
remained identical after CheckM lineage workflow, the MAG version with the 
greatest overall size (in base-pairs) was retained. Protein-encoding genes from 
MAG contig sequences were predicted with Prodigal (Hyatt et al., 2010), and the 
resulting nucleotide sequences were searched against the Swiss-Prot database 
reference sequences using DIAMOND BLASTX alignment as described above, 
except that annotations were only retained if alignment/match length between the 
query and reference genes was > 70% of the query or reference gene length, 
whichever was greater, and amino acid identity > 40%. Select MAGs were also 
processed using the Microbial Genomes Atlas (MiGA) webserver for taxonomic 
assignment (Rodriguez-R et al., 2018). 
 
5.3.5. Statistical analyses  
With the R package nlme (Pinheiro et al., 2015), a linear mixed effects 
(LME) model treating experimental fence as a within-subjects factor was used to 
evaluate differences between experimental groups based on their environmental 
indices, their relative abundances of Bacteria, Archaea, and their phyla, the 
relative proportions of summarized CAZy definitions and broad Gene Ontology 
biological process terms. Phyla with an average relative abundance <0.1% were 
not considered for comparisons. ANOSIM and MRPP were used to evaluate the 
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significance of differences in warmed and control community functional and 
taxonomic/phylogenetic composition at either depth. Adonis was used to 
evaluate statistically significant associations between sample distances and 
pertinent environmental indices (e.g., thaw depth at sampling, annual thaw 
duration, etc.). Significance of correlations between metadata and certain 
community measures (metagenome annotations) was assessed using a two-
tailed t-distribution. Tables with raw counts of functions (based on KO terms 
linked to Swiss-Prot reference annotations) were processed with the DESeq2 
software package (Love et al., 2014) to identify significant, differentially abundant 
functions between sample depths (15-25 cm vs. 45-55 cm), treatments within a 
depth (where fence was treated as a within-subjects factor - e.g., using design = 
~ Fence + Treatment), or using annual thaw duration as a continuous variable. 
To account for false discovery rate arising from multiple comparisons, p-values 
from DESeq2 analysis underwent Benjamini–Hochberg correction (Benjamini 
and Hochberg 1995). Results for functional annotations (i.e., KO terms, CAZy 
families, etc.) with an average relative abundance <2E-6 were typically 
discarded. The R package Superheat (Barter and Yu 2018) was used to illustrate 
the relative abundances of annotations in sample groups in conjunction with 
metadata and statistical results. The lm() function in R was used to perform 
multiple linear regression analysis to evaluate potential interactive effects 
between thaw depth and average summer 2012 temperature on the relative 







5.4.1. Environmental Indices 
 Experimental warming by means of increased winter snow cover resulted 
in a year-round elevation of soil temperature. For instance, warming treatment 
plots were 1.02 and 1.11°C warmer than control plots at 15-25 cm and 45-55 cm 
soil depths, respectively, during the growing season prior to sampling (from May 
to September) (LME, P < 0.05) (Table 5-1). Experimental warming also increased 
annual thaw duration from 104.2 to 112.2 days at the 15-25 cm depth (7.7% 
increase) (non-significant with LME model, but P < 0.05 using paired t-test) and 
from 45.5 to 79.3 days in the 45-55 cm depth (74.4% increase) (LME, P < 0.05). 
The thaw depth at the time of sampling in May 2013 was 18.3 and 23.0 cm in 
control and experimentally warmed plots, respectively (LME, P < 0.05). The 
experimental warming treatments also increased mean aboveground plant 
biomass by 25.2%, increased volumetric water content slightly, and increased 
bulk density at the 45-55 cm depth profile (LME, P < 0.05). For aboveground 
plants, warming decreased lichen biomass by 41.8%, on average (paired t-test, P 
< 0.05) and increased the biomass of Eriophorum vagninatum and 
Rhododendron tomentosum by 81.2% and 23.3%, on average, respectively 
(paired t-test, P < 0.05). Paired t-test was used to compare certain ecological 







Table 5-1: Summary of environmental and soil physiochemical 
measurements for the samples or experimental plots of the study. Values 
are given as the mean ± the standard error of the mean derived from six replicate 
measurements or soil. Superscript letters are used to distinguish sample groups 
that were significantly different (adj. p-value < 0.05), i.e., values with superscript 
letters differing from letters assigned to other values designates a statistically-
significant difference between groups (i.e., treatment and depth). Statistical 
significance was determined using a linear mixed-effects model (where 
experimental fence was treated as a within-subjects factor), in conjunction with 
















15-25 cm Control 104.2 ± 1.7 c 2.59 ± 0.29 b -1.15 ± 0.16 a -0.62 ± 0.1 a
15-25 cm Warmed 112.2 ± 1.8 c 3.61 ± 0.12 c -0.66 ± 0.07 bc -0.26 ± 0.04 b
45-55 cm Control 45.5 ± 4.6 a 1.08 ± 0.28 a -0.86 ± 0.13 ab -0.73 ± 0.13 a
45-55 cm Warmed 79.33 ± 5.55 b 2.19 ± 0.39 b -0.42 ± 0.04 c -0.3 ± 0.05 b
       
  Soil Moisture Bulk Density Total N (%) Total C (%)
15-25 cm Control 0.74 ± 0.04 b 0.25 ± 0.04 a 1.58 ± 0.11 b 33.4 ± 3.4 b
15-25 cm Warmed 0.75 ± 0.03 b 0.23 ± 0.03 a 1.59 ± 0.07 b 34.6 ± 1.3 b
45-55 cm Control 0.39 ± 0.06 a 0.74 ± 0.17 b 0.65 ± 0.19 a 16.0 ± 4.1 a
45-55 cm Warmed 0.31 ± 0.03 a 1.19 ± 0.19 c 0.46 ± 0.11 a 12.4 ± 3.0 a
  Plant Biomass (g) Thaw Depth (cm)




Control Plots 582.3 ± 24.9 a 18.3 ± 0.5 a 22.96 ± 2.03 a 28.07 ± 0.14 a
Warmed Plots 728.9 ± 64.6 b 23.0 ± 1.6 b 22.29 ± 4.84 a 29.21 ± 0.55 b
 
 160 
5.4.2. Broad microbial community indices  
On average, 8.1 Gbp (billion pase-pairs) of sequencing effort per sample 
was obtained for twelve soil communities representing the 15-25 cm soil depth 
and 5.8 Gbp per sample for twelve communities representing the 45-55 cm depth 
(i.e., 6 replicates per treatment x 2 treatments x 2 depths = 24 unique 
metagenomes; 166.8 Gbp total sequencing) (Table D-1). Following merging, 
quality trimming, and filtering, >80% of sequences were retained per 
metagenome and used for analyses. Using Nonpareil 3 (options: -T kmer -k 32 -
X 100000) (Rodriguez-R et al., 2018), the average estimated coverage was 0.52 
for 15-25 cm and 0.62 for 45-55 cm soil communities, respectively (Figure D-1). 
These coverages imply that, beyond the sequencing depth achieved, there is 
52% and 62% likelihood that the additional sequence(s) obtained would be 
redundant with ones already observed. Thus, despite less sequencing data to 
represent the 45-55 cm communities, the comparatively lower diversity at this 
depth resulted in greater coverage by sequencing of these soil communities. The 
level of coverage obtained here (52-62%) should be appropriate for comparisons 
(e.g. low false negative rate), with un-sampled diversity presumably representing 
comparatively rarer taxa (Rodriguez-R and Konstantinidis 2014; Zhang et al., 
2017). The amount of sequencing depth needed to achieve 95% average 
coverage was estimated to be 36.0 Gbp and 19.5 Gbp for 15-25 cm and 45-55 
cm soil communities, respectively, which is lower than typical temperate soils and 
consistent with our previous study at an early time point (Johnston et al, 2016). 
The experimental warming treatment resulted in a near-significant increase in 
Nonpareil-derived α-diversity at the 45-55 cm depth (paired t-test, P < 0.1) 
(Figure D-2). MicrobeCensus, a tool that estimates the average genome size of 
microbial communities by evaluating the abundance of several single copy genes 
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(Nayfach and Pollard 2015), revealed smaller genomes, on average, of microbial 
populations comprising the 45-55 cm soil depth compared to those at 15-25 cm 
(average of 4.7 Mbp vs. 6.7 Mbp) (LME, P < 0.001) (Table D-2). Average 
genome sizes did not differ significantly between warmed and unwarmed soil 
communities at either depth (LME, P > 0.1). 
 
5.4.3. Soil community taxonomic composition  
The mean relative prokaryotic abundance of Archaea differed between soil 
depths; it was 1.69% and 2.64% in 15-25 cm and 45-55 cm soil depths, 
respectively (LME, P < 0.05) (Figure 5-1b). The archaeal community fraction at 
the 15-25 cm depth was mostly represented by phyla Thaumarchaeota followed 
by Euryarchaota at 66.2% and 24.0%, on average, respectively. For the 45-55 
cm layer, archaeal 16S rRNA gene sequences were mostly represented by 
Euryarchaeota and Crenarchaeota at 88.1% and 9.1%, respectively. Warming 
had no significant effect on the total relative abundance of Archaea at the 15-25 
cm depth (LME, P > 0.1), but increased by a mean of 39% at 45-55 cm (2.21% in 
control vs. 3.07% warmed soils; LME, P < 0.05). This increase was primarily 
driven by an increase in the abundance of archaeal phylum Euryarchaeota 
(1.90% vs. 2.73%), and more specifically, by order Methanosarcinales, which 
was ~3-fold more abundant in experimentally warmed plots at this soil depth 
(0.54% vs. 1.61% of the prokaryote community; LME, P < 0.05). Notably, a very 
strong correlation was observed between the relative abundance of 
Methanosarcinales and annual thaw duration (linear regression R2 = 0.804, P < 
0.001; squared roots R2 = 0.895, P < 0.001) (Figure 5-1c).  
Of the 18 bacterial phyla with mean relative abundances > 0.1% across all 
24 soil samples, most differed significantly between 15-25 cm and 45-55 cm soil 
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communities in relative abundance (14/18 in total, excluding Thermotogae, 
Lentisphaerae, OP10, and Actinobacteria; LME, P < 0.05) (Figure 5-1a). At 15-25 
cm, warming only significantly increased the relative abundance of 
Verrucomicrobia (8.0% vs. 10.4% mean abundance in control and warmed 
samples, respectively; P < 0.05). In contrast, at 45-55 cm, experimental warming 
resulted in significant shifts (P < 0.05) to phyla Proteobacteria (23.4% vs. 30.4% 
mean abundance in control and warmed samples, respectively), Actinobacteria 
(31.0% vs. 20.6%), and OP11 (0.2% vs 0.8%), and near-significant shifts (P < 
0.1) to Bacteroidetes (5.1% vs. 7.5%), OP10 (0.2% vs. 0.4%), and Themotogae 
(0.2% vs. 0%). Similarly, at 45-55 cm, experimental warming resulted in 
significant community-wide shifts in phylogenetic and taxonomic β-diversity 
represented by 16S-based weighted UniFrac distances (MRPP, P < 0.05) and 
abundance weighted Jaccard distances of phylum-level community composition 
(ANOSIM and MRPP, P < 0.05) (Table 5-2) (Figure 5-2). There was also a 
significant relationship between β-diversity (derived from either UniFrac or 
Jaccard distances) and annual thaw duration (Adonis, P < 0.05) and between 
weighted UniFrac distances and the depth of thaw at time of sampling (Adonis, P 
< 0.01). There were no significant relationships between experimental treatment 
or thaw indices and 16S-based or phyla-based evaluations of community 
structure for samples representing the 15-25 cm depth, similar to observations of 







Table 5-2: The effects of warming and thaw depth or duration on microbial 
community functional and phylogenetic structure, for each depth. 
Permutation procedure (MRPP) and analysis of similarity (ANOVA) were used to 
test the effect of experimental warming, and permutational multivariate analysis 
of variance (Adonis) was used to test the effect of thaw depth (at time of 
sampling; in cm) and the annual duration of thaw (in days of the year) on each 
community metric. Numerical values represent probability scores (i.e., p-values) 


















16S-based OTUs Weighted Unifrac 0.585 0.226   0.534   0.449
Phyla Composition Bray-Curtis 0.463 0.165 0.398 0.442Abund. Jaccard 0.455 0.479 0.915 0.747
Kegg Ontology Terms Bray-Curtis 0.416 0.761 0.894 0.769Abund. Jaccard 0.491 0.576 0.440 0.119











16S-based OTUs Weighted Unifrac 0.010 0.003   0.204   0.010
Phyla Composition Bray-Curtis 0.018 0.002 0.131 0.087Abund. Jaccard 0.045 0.053 0.043 0.039
Kegg Ontology Terms Bray-Curtis 0.048 0.069 0.091 0.139Abund. Jaccard 0.010 0.006 0.099 0.068





Figure 5-1: Taxonomic shifts as an effect of experimental warming. (a) 
Mean relative abundance of bacterial phyla for each depth x treatment 
combination. Underlying data is based on 16S rRNA gene-encoding fragments 
recovered from metagenomic datasets. Values represent the abundance of each 
bacterial phylum as a proportion of the total bacterial community. Only phyla with 
a mean relative abundance across all 24 datasets > 0.1% are displayed. (b) 
Mean relative abundances of archaeal phyla for each depth x treatment 
combination. Underlying data is based on 16S rRNA gene-encoding fragments 
recovered from metagenomic datasets. Values represent the abundance (as a 
percentage) of each archaeal phylum relative to the total abundance of all 
recovered bacterial and archaeal 16S rRNA gene fragments (i.e., the total 
prokaryotic community). Error bars represent the mean ± the standard error of 
the mean (n = 6) for cumulative (total) relative Archaea abundance. (c) 
Correlation between the relative abundance of Methanosarcinales and 
annual thaw duration (in days of the year) for 45-55 cm soils. Linear 
regression was fitted for n = 12 points. Significance of the correlation coefficient 
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Figure 5-2: Functional and phylogenetic shifts as an effect of experimental 
warming. (a) PCoA plot of consolidated KEGG Ontology term annotations. 
Underlying data is based on abundance-weighted jaccard distance matrix 
derived from a Kegg Ontology term counts matrix. Abundances of Kegg Ontology 
terms for each sample were consolidated from Swiss-Prot database references 
annotations. (b) PCoA plot of community phylogenetic composition.  
Underlying data is a weighted unifrac distance matrix of 16S rRNA gene-
encoding fragments recovered with Parallel-META and processed in the QIIME 
software package as described in the Methods section. (c) PCA plot of Swiss-
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(consolidated from Swiss-Prot database references), which underwent variance-
stabilizing transformation using the DESeq2 package. The 24 samples shown in 
the 2D plane spanned by their first two principal components. 
 
 
5.4.4. Soil community functional composition 
In addition to the observed shifts in microbial community phylogenetic and 
taxonomic structure for 45-55 cm metagenomes, experimental warming resulted 
in significant or near-significant shifts to community functional structure 
(summarized as CAZy families or KO terms) (ANOSIM, P < 0.05 or P < 0.1) 
(Table 5-2; Figure 5-2). Also for this depth, β-diversity based on KO terms was 
significantly associated with annual thaw duration and measured thaw depth at 
time of sampling (Adonis, P < 0.05). For 15-25 cm soils, warming only 
significantly altered community β-diversity reflecting the composition of genes 
involved in carbohydrate metabolism and binding (i.e., CAZy protein families as 
underlying data) (MRPP, P < 0.05; ANOSIM, P < 0.1), and no significant 
relationships between functional structure and either thaw index for this depth 
were identified. 
Consistent with shifts in β-diversity based on CAZy protein families 
observed for 15-25 cm communities, experimental warming increased relative 
proportion of functional genes matching to CAZy reference sequences by 7.9% 
(relative to the number of Swiss-Prot database annotations; % change and 
significance was similar when normalizing by query sequences used for 
alignment instead) (LME, P < 0.05) (Figure 5-3a). This included a 12.0% increase 
in glycoside hydrolase genes, a 2.6% increase in glucosyltransferase genes, a 
8.1% increase in carbohydrate binding genes, a 8.9% increase in carbohydrate 
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esterase gene, and a 20.8% increase in polysaccharide lyase genes (LME, P < 
0.05) (Figure 5-3ab). While warming also shifted community β-diversity of CAZy 
families at the 45-55 cm depth, there was only a significant 3.1% increase in the 
abundance of glucosyltransferase genes at this depth (LME, P < 0.05). These 
results were generally consistent with Gene Ontology process categories 
involving the catabolism of various organic matter substrates (e.g., “cellulose 
catabolic process”) (Figure D-3). Of the 25 categories based on these definitions 
that differed by > 10% between control and warmed 15-25 cm soils, 22/25 were 
more abundant in experimentally warmed metagenomes, with four having adj. P 
< 0.05 with LME, (but none were significant when evaluated with DESeq2). In 
contrast, significant differences in the relative proportion of functional genes 
matching to all CAZy references or summarized modules were not found 
between warmed and unwarmed 15-25 cm soils from the 1.5-year collection 
(Figure D-4). 
 Warming of the 15-25 cm soil layer did not result in any KO terms that 
changed in abundance with an adj. P < 0.05 (using DESeq2). This result was 
observed whether the statistical design included fence as a within-subjects factor 
and without it. However, of the 3,274 KO terms with abundances adequate for p-
value assignment in DESeq2, 162 KO terms differed significantly (adj. P < 0.05) 
and another 153 differed near-significantly (P < 0.1) between control and warmed 
soil communities samples at 45-55 cm. Also for the 45-55 cm depth, the 
abundances of 490 KO terms increased or decreased significantly across a 
gradient of annual thaw duration (i.e., when thaw duration was used as the 
‘condition’ for DESeq2’s statistical design), and another 301 KO terms displayed 
a near-significant change with thaw duration. These shifts included an increase in 
many functions involved in methanogenesis, many of which differed significantly 
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or near-significant (adj. P < 0.05 or < 0.1) between control and experimentally 
warmed communities (Figure 5-4a). This evaluation was primarily based on 
KEGG modules ‘M00567’, ‘M00357’, ‘M00356’, ‘M00563’, corresponding to 
methanogenesis from CO2, acetate, methanol, and methylamines (Kanehisa et 
al., 2016) (Figure 5-4a). Genes encoding acetate kinase and phosphate 
acetyltransferase were not used in this evaluation due to their participation in 
other metabolic pathways (e.g., glycolysis). None of the 40 KO terms used to 
assess methanogenesis potential decreased with warming or demonstrated a 
negative relationship with annual thaw duration (i.e., none with a log2-fold-
change < 0).  
One of the largest and consistently significant responses was observed for 
KO terms specific to methanogenesis from acetate, which increased on average 
by 170% vs. a 54.5% increase in mcrA, an essential marker gene possessed by 
all methanogens. There were also strong correlations between annual thaw 
duration and the summarized mean abundance of KO terms specific to 
methanogenesis from acetate (R2 = 0.796; unpaired Student’s t-distribution, P < 
0.01) or when using the mean abundance derived from all 40 of these KO terms 
(R2 = 0.723; P < 0.01). These correlations with methanogenesis genes were 
stronger than those obtained using other environmental indices (e.g., moisture, 
water table depth at time of sampling, volumetric water content, soil C%, etc.). 
There were also strong correlations between the abundance of archaeal order 
Methanosarcinales (see previous section) and KO terms for methanogenesis 
from acetate (R2 = 0.93; P < 0.01) or the mean abundances of all 
methanogenesis functions (R2 = 0.81; P < 0.01). Warming or extended annual 
thaw of 45-55 cm soils also increased the relative abundances of genes involved 
in dissimilatory sulfate reduction (dsrA, dsrB, aprB; DESeq2, adj. P < 0.05 with 
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thaw and/or treatment) (Figure 5-4c) and dissimilatory nitrate reduction to 
ammonium, (nirB, nrfA, and nrfH; DESeq2, adj. P < 0.05 or 0.1 with thaw and/or 
treatment) (Figure 5-4b), but resulted in no significant changes in denitrification 
genes nirk, norB, and nosZ. The opposite trend was observed for KO terms 
specific to assimilatory nitrate reduction (nirA) and assimilatory sulfate reduction 
(sir, cysI) (Figure 5-4bc). DESeq2 revealed statistically significant decreases in 
the relative abundances of cytochrome c oxidase genes with average 2012 
growing season temperature, even when controlling for thaw indices. Multiple 
linear regression analysis revealed that average summer 2012 temperature and 
thaw depth had significant, independent (controlling for the other variable) as well 
as additive negative associations with the abundances of cyctochrome c oxidase 








Figure 5-3: Shift in carbohydrate utilization (CAZy) genes as an effect of of 
experimental warming. Relative abundances of (a) all CAZy annotations, and 
CAZy modules (b) Glycoside Hydrolases (GH), GlycosylTransferases (GT), (c) 
Auxiliary Activities (AA), Carbohydrate Binding (CBM), Carbohydrate Esterases 
(CE), and Polysaccharide Lyases (PL). Underlying values represent the mean 
relative abundance of each category for each sample group (i.e., treatment x 
depth). Letters are to distinguish sample groups that were significantly different 
(adj. P < 0.05), i.e., values with letters differing from letters assigned to other 
groups designates a statistically-significant difference between groups. 
Significance was determined using a linear mixed-effects model (where 
experimental fence was treated as a within-subjects factor), in conjunction with 





















































































































































Figure 5-4: Shifts in microbial energy-generating pathways as an effect of 
experimental warming. (a) Heatmap showing the relative abundances of 
genes involved in methanogenesis for 45-55 cm depth soil metagenomes. 
Kegg Orthology (KO) terms under the ‘Core methanogenesis genes’ category 
represent those used by all methanogens. Other categories and KO terms refer 
to pathways involved in the usage of different electron acceptors to sustain 
methanogenesis, which are variable between methanogenic taxa. To emphasize 
differences between datasets, the values for each gene were normalized by the 
mean relative abundance of all twelve 45-55 cm soil metagenomes (by rows). 
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calculated for each gene, and are colored by whether differences between 
control and experimentally warmed soils were statitistical significant (right) or if 
there was a significant association between gene relative abundance and annual 
thaw duration (left) (dark grey = adj. p-value < 0.05; light grey = non-adj. p-value 
< 0.05; white = non-significant). Sub-plot on the top of the heatmap represents 
the annual thaw duration (i.e., days of the year soil was thawed) for each plot 
represented by the corresponding metagenomes (e.g., C1, C2, T1, etc.). (b) 
Heatmaps showing the relative gene abundances for assimilatory and 
dissimilatory nitrate reductions. (c) Heatmaps showing the relative 
abundances for assimilatory and dissimilatory sulfate reduction. Underlying 
data for (a) and (b) are communities respresenting six experimentally warmed 
and six control 45-55 cm soil samples. 
 
 
5.4.5. Recovery of metagenome-assembled genomes (MAGs) 
 Assembly and binning led to the recovery of 173 metagenome-assembled 
genomes (MAGs) with a quality score > 60. De-replication of highly similar MAGs 
based on FastANI values of > 95% resulted in the consolidation of 74 non-
redundant MAGs. This included the recovery of 11 (four were non-redundant) 
archaeal MAGs, all of which originated from 45-55 cm soil metagenomic 
datasets. Two non-redundant archaeal MAGs were identified as belonging to 
order Methanosarcinales and the other two were assigned to Methanocellales 
based on 16S and 23S rRNA gene assignment and taxonomic identification with 
MiGA. Each archaeal MAG was found to possess genes for methanogenesis, 
specifically for using CO2, acetate, and in one case, methanol, as electron 
acceptors (Figure D-6). Among bacterial MAGs that shifted in abundance with 
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warming or along environmental gradients, there was a variable-yet-large 79% 
increase in the most dominant bacterial population (~1-2% of the community) in 
the 15-25 cm active layer with warming (paired t-test, P < 0.1) (Figure D-7). 
These results are consistent with smaller, non-significant shifts observed after 
1.5 years of experimentation (Figure D-7). This Acidobacteriaceae population 
was previously found to be widespread throughout Alaskan tundra (mostly 
complete genome representation and ANI > 98%; over at least > 500 kilometers) 
and appears to encode diverse metabolisms for labile and recalcitrant organic 
matter degradation (Johnston et al., 2016).  
 
5.5. Discussion  
An improved understanding of tundra soil microbiota and their responses 
to warming conditions is critical for better modeling and predicting the magnitude 
of climate change, as a large degree of uncertainty persist regarding the 
vulnerability of tundra soil C and its potential to accelerate climate warming. The 
purpose of this investigation was to compare the functional and phylogenetic 
structure of tundra soil communities subjected to five years of accelerated 
warming in situ against unwarmed communities (i.e., those only subject to natural 
warming). Experimental manipulation began in September 2008 when the 
permafrost boundary layer was at a depth of ~50 cm (Natali et al., 2011), but 
active layer thickness has increased in subsequent years due to ongoing thaw 
observed in this region. Temperature increases lasted year-round and were 
moderately uniform between the depth profiles evaluated here (15-25 and 45-55 
cm) (Table 5-1). Warming will undoubtedly result in changes to numerous 
important aspects of tundra ecology such as thaw and plant community factors, 
which can lead to indirect effects of warming on soil community functioning 
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(Sistla and Schimel 2013; Hinzman et al., 2013; Elberling et al., 2013). The 
magnitude and direction of their responses to these factors could vary 
considerably between depth profiles. Thus, warming of deep soil extending down 
to the permafrost boundary layer was a desirable outcome. 
Experimental warming increased annual thaw duration by 7.7% (+8 days) 
(relative to unwarmed plots) at the 15-25 cm soil layer and, in stark contrast, by 
74.4% (+33.8 days) at the 45-55 cm layer for the year preceding sample 
collection. Consistently, greater overall changes in community structure were 
observed for 44-55 cm soil communities. This includes a ~3-fold increase in 
Methanosarcinales, a methanogenic order and the most abundant archaeal clade 
observed in these soils, which were found capable of methanogenesis from CO2, 
acetate, and methanol based on bioinformatically-recovered genome sequences 
(Figure D-6). There was also a close association between the abundance of this 
clade and annual thaw depth (R2 = ~0.9, P < 0.001) (Figure 5-1c), which 
accompanied a comprehensive increase in the relative abundances of 
methanogenesis genes (Figure 5-4a). Methane oxidation genes were fairly low in 
relative abundance (e.g., < 1/100,000 annotations); those that were over the 
detection limit did not shift in response to warming at either depth. It is possible 
that methane was consumed at a depth not evaluated in this study (i.e., 25-45 or 
0-15 cm) or by anaerobic methane oxidizing microbiota that remain poorly 
understood (Hallam et al., 2004; Thauer and Shima 2009). However, it has been 
demonstrated that CH4 emissions at the CiPEHR site are increasing and were 
considerably greater from experimentally warmed plots (Natali et al., 2015). More 
recently, increased CH4 emissions from this general area (the Eight Mile Lake 
Region) were found to account for more than half of C emissions based on global 
warming potential (Taylor et al., 2018).  
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For the last decade (from 2008-2017), the majority of tundra habitats have 
exhibited a 2-4.2 °C temperature increase above the 1950-1980 base period 
during cold seasons of the Northern Hemisphere (Nov - Apr) (Hansen et al., 
2010; GISTEMP Team, 2018). Despite an increase in background temperature 
that has since thawed both control and experimentally warmed soil at the 45-55 
cm depth that is altogether greater than the mean +0.45 to +1.11 °C temperature 
increase due to experimental warming (during the winter and growing seasons, 
respectively), a dramatic response in methanogenic taxa was observed 
nonetheless. Experimental warming also decreased the relative abundances of 
cytochrome oxidases that use O2 as an electron acceptor. DESeq2 and multiple 
linear regression analyses results indicated that warming and thaw caused 
independent as well as additive declines in the abundances of these O2-specific 
genes (Figure D-2). It is possible that accelerated warming causes a more 
thorough depletion of electron acceptors than would occur under gradual 
warming, due to a smaller period over which they can be replenished from 
oxygen penetration or water flow (containing dissolved electron acceptors) and 
result in a greater CH4:CO2 of emissions. A decline in redox conditions was also 
evidenced by the increased relative abundances of dissimilatory nitrate reduction 
to ammonium (DNRA) and dissimilatory sulfate reduction (Figure 5-4bc) genes. 
While we did not observe any changes in the relative abundances of 
denitrification genes, sulfide production (i.e., from dissimilatory sulfate reduction) 
has been found to inhibit denitrification and can also supply DNRA as an electron 
donor (An and Gardner 2002). Preference for DNRA has also previously been 
reported for conditions of high organic carbon relative to electron acceptor 
availability (Giblin et al., 2013). Accompanying declines in assimilatory nitrogen 
and sulfur reduction genes were also observed under experimentally warmed 
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conditions at 45-55 cm (Figure 5-4bc). These contrasting responses could be 
due to enhanced NH4+ production (from DNRA) and selection of traits for direct 
acquisition of NH4+ vs. those for NO3- acquisition and reduction to NH4+ for 
anabolism. 
Warming also increased the biomass of Eriophorum vaginatum by 81%, a 
plant species that excretes organic acids such as acetate that can fuel CH4 
production, transit, and release (Ström et al. 2005). Another plant species also 
found to fuel methanogens, Carex rostrata (Strom et al., 2005), is common in this 
field location albeit with lower biomass. It is possible that a comparably greater 
response observed for genes specific to methanogenesis from acetate than other 
methanogenesis pathways (Figure 5-4a) is attributable to these types of plant-
methanogen interactions. However, the associations between plant and 
methanogens resulting in greater CH4 emission from tundra habitats remains 
elusive (Wang et al., 2008; Kao-Kniffin et al., 2010) and thus, is worthy of 
consideration in future studies. 
At 15-25 cm, warming increased the total proportion of community 
functional genes involved in carbohydrate metabolism (Figure 5-3a), including 
glycoside hydrolases, glycosyltransferases, carbohydrate esterases, 
carbohydrate binding, and polysaccharide lyases (Figure 5-3bc). An early 
assessment of this depth profile after 1.5 years of experimental warming found a 
similar response using GeoChip that was undetected or less obvious with 
metagenomic analysis (Xue et al., 2016); thus, the response observed here is 
consistent with earlier observations, but also implies a gradual change over time 
(Figure D-4). Also consistent with the findings of Xue et al., 2016, a discernable 
shift in whole-community structure (e.g., β-diversity using 16S-based phylogeny 
or KO term abundances) was not observed. However, consolidation of CAZy 
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reference sequences into family definitions did reveal significance in the 
relationship between warming treatment and the relative composition (i.e., β-
diversity) of these functions (Table 5-2). Nearly five years of experimental 
warming also increased plant biomass by 25.2% (paired t-test, P < 0.05), likely 
as a result of extended growing seasons and increased root colonization with 
enhanced thaw (Table 5-1), which could have contributed to the increase in 
genes related to carbohydrate metabolism. However, we observed a moderately-
strong association between the fraction of genes involved in carbohydrate 
metabolism and the average 15-25 cm soil temperature during the same month 
for which soils were collected (May) (R2 = 0.521; P < 0.01), as well as the 
average temperature of the preceding winter season (R2 = 0.478; P < 0.05). For 
the six broad modules types represented in CAZy, carbohydrate esterases had 
the strongest relationship with May soil temperature at 15-25 cm (R2 = 0.644; P < 
0.01), followed by glycoside hydrolases (R2 = 0.532; P < 0.01) and 
polysaccharide lyases (R2 = 0.453; P < 0.01). These direct associations between 
the community fraction of genes involved in carbohydrate metabolism and soil 
temperate were much stronger than correlations from other broad environmental 
measure displayed in Table 5-1; this includes plant biomass, for which a 
significant relationship with metabolisms acting on carbohydrates was not 
observed (R2 = 0.179 or less; P > 0.1). Mantel test used to evaluate associations 
between soil microbial community and plant community β-diversity (as Bray-
Curtis distances of recorded plant biomass for each species) also did not indicate 
a significant relationship between communities. These results of stimulated 
functions involved in OC metabolism as a direct response to warming are 
somewhat surprising, as recent C releases in an adjacent area were found to 
result mostly from new OC sources (Schuur et al., 2009). This could suggest that 
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even with enhanced vegetative production, increases in the relative abundances 
of genes involved in carbohydrate metabolism are nonetheless more attributable 
to soil temperature, at least in frigid locations where microbial catabolic functions 
are constrained by cold conditions. 
Large differences in broad community features were observed between 
15-25 cm and 45-55 cm communities in functional and taxonomic composition 
(Figure 5-1; Figure 5-2), average genome size (Table D-2), and estimated 
sequence-based community diversity (Figure D-1). A previous assessment 
based on short-term laboratory incubations of active and permafrost boundary 
layer communities, observed how permafrost soil community structure converged 
towards that of active layer communities (Mackelprang et al., 2011). The 
opposite was observed in our in situ field warming experiment despite reflecting a 
much larger time frame for adaptation to occur (Figure 5-2). The β-diversity 
distance between 45-55 cm and 15-25 cm communities were significantly greater 
for warmed 45-55 cm soils (paired t-test, P < 0.001 for abundance weighted 
Jaccard distances of KO terms; P < 0.05 for weighted UniFrac of 16S OTUs 
clustered at 97% similarity). This result could also be due to redox conditions that 
became more constraining at 45-55 cm as a result of warming (from enhanced 
electron acceptor consumption). 
 
5.6. Conclusions and future work 
Our evaluation revealed a much greater susceptibility of recently-thawed 
permaftost soil communities to further thaw and temperature increases, as well 
as responses that constrasted with warming-induced changes to pre-existing 
active layer communities. Metabolic shift in the recently-thawed permafrost 
community reflected a stimulation of methanogens, particularly those using 
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acetate for CH4 production. These responses could be attributable to plant-
microbe interactions arising from certain plant species that were also stimulated 
by warming, such as Eriophorum vaginatum. Functional responses also inferred 
a shift in redox conditions, which could be due to enhanced use of electron 
acceptors with declining redox potentials and can also help explain the large 
response in methanogenic taxa. These effects were not soley attributable to 
increased thaw depth or duration, but also to the independent effects of 
temperature. If accelerated warming results in more thorough depletion of 
electron acceptors than would occur under a more gradual thaw, it could result in 
a greater CH4:CO2 of emissions. Related to this, increasing CH4 emissions 
observed in this area now outweigh the warming potential of CO2 emissions and 
more than offset C uptake by local plants (Natali et al., 2015; Taylor et al., 2018). 
Meanwhile, northern-latitude areas have experienced a rate of warming over the 
past several decades that is much greater than the global average. If responses 
under gradual vs. rapid warming are dissimilar in potential CH4 release, it could 
imply that inferences made from natural thaw gradients or geological records 
may not serve as adequate predictors of future CH4 release from tundra soils if 
warming continues at a rapid pace in northern latitudes. As the rate of warming 
could be a primary determinant of the global warming potential of tundra soil C 
emissions, this topic should remain a focus of future research and modeling 
efforts. Shifts observed at the 15-25 cm layer were distinctly attributable to 
functions involved in carbohydrate metabolisms, occurred gradually over time, 
and were most attributable to the direct effect of warming. These results also 
suggest that tundra communities not undergoing a critical phase shift may 
respond more narrowly to warming.  
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While an increase in the abundance of methanogenic taxa and genes 
certainly implies that these taxa were active and generated CH4 at some point, 
numerous environmental conditions and biological factors (i.e., plants, 
methanotrophs) play a role in methane emission vs. consumption. Thus, 
knowledge of when activity occurred is important for understanding how 
susceptible these soils are to CH4 loss and to better predict future CH4 
emissions. Assessments of in-situ microbial activity, such as through the use of 
proteomics and transcriptomics of permafrost soils (Hultman et al., 2015; Coolen 
and Orsi 2015; Mackelprang et al., 2016), can offer such insights regarding 
community functioning. The emerging breadth of approaches making soil 
microbiota accessible for investigation should further serve to unravel the 
complex responses and interactions between ecological attributes in warming 
tundra ecosystems; thus, leading in overall greater understanding of how the 
they might respond and contribute to ongoing climate change. The gene and 
genome sequences reported here should facilitate proteomics and primer design 
for PCR assays that can be used to precisely monitor the abundance dynamics 
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APPENDIX A: SUPPLEMENTAL MATERIAL FOR CHAPTER 2 
 
 
A.1. Supplementary methods and materials 
A.1.1. Soil chemical and physical determination  
For each unique soil collection, soil moisture was determined by 
measuring the weight loss of ~10g field moist soil dried at 105 ºC for 48 hours 
(calculated as: 1 - dry soil weight/wet soil weight). The average moisture content 
of two independently dried subsamples was used for analysis. Soil pH was 
determined using an automated LabFit AS-3000 pH Analyzer and soil extractable 
P, K, Ca, Mg, Mn, and Zn were extracted using the Mehlich-1 method and 
measured using an inductively coupled plasma spectrograph at the University of 
Georgia Agricultural and Environmental Services Laboratories (Athens, GA, 
USA). Soil extractable P using this method is interpreted as the available fraction 
of P. Measurement of NH4-N and NO3-N was also performed at the same facility. 
For this, samples were first extracted with 0.1 N KCl, following the phenate 
method for NH4+ and the cadmium reduction method for NO3-, and 
measurements were determined colorimetrically. 
Soil texture analysis was performed using a slightly modified version of the 
Bouyoucos Hydrometer method outlined in Methods of Soil Analysis part 1 (Gee 
et al., 2002). In brief, 40 g subsample of soil was combined with 100 ml of 0.082 
M hexametaphosphate and 250 ml of deionized water and allowed to soak 
overnight. Then, soil was blended in an electric mixer for 5 minutes. The mixture 
was then transferred to a 1 L beaker and the volume was adjusted to 1 L with 
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deionized water. A plunger was used to suspend the soil particles in the solution 
and measurements were taken with a hydrometer.  
Total N (TN) and total C (TC) were measured using a Shimadzu TOC-L 
CSH/CSN analyzer. For total N, 24 ml samples are placed on an auto sampler; 
each sample is introduced to the combustion tube (furnace temperature 720 °C), 
where TN in the sample decomposes to become nitrogen monoxide. The carrier 
gas, which contains the nitrogen monoxide, is cooled and dehumidified by an 
electric dehumidifier. Then it enters a chemiluminescesnce gas analyzer, where 
the nitrogen monoxide is detected. The detection signal from the 
chemiluminescence gas analyzer generates a peak and the TN concentration in 
the sample was measured. For TC, carrier gas flows at 150 mL/min into the 
combustion tube, which has been filled with an oxidation catalyst and heated to 
680 °C. The TC of a sample is burned in the combustion tube to produce carbon 
dioxide. The carrier gas, containing the carbon dioxide and other combustion 
products, flows from the combustion tube to a dehumidifier (electronic 
dehumidifier), where it is cooled and dehydrated. It then passes through a 
halogen scrubber before it reaches the cell of a non-dispersive infrared NDIR gas 
analyzer, where the carbon dioxide is detected. The analog detection signal of 
the NDIR forms a peak, and the area of this peak is measured by an internal data 
processor. The peak area is proportional to the TC concentration of the sample; 
thus, when a TC standard solution has been analyzed to create a calibration 
curve, i.e., the equation expressing the relationship between TC concentration 
and peak area, the TC concentration in the sample can be calculated. The 
Kjeldhal Analysis method was used for determination of total soil P (TP). For 
each sample, 0.5 grams of air-dried and sieved soil was ground and digested 
with H2SO4 acid and Kjeltab (1.5 g K2SO4 + 0.15 g CuSO4) in a block digester at 
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390 °C. The resulting orthophosphate was analyzed to quantify TP using a Flow 
Injection Analyzer based on the Lachat Method No 13-115-01-1-B (Lachat 
Instruments, Loveland, CO, USA). 
 Microbial biomass carbon (MBC) and microbial biomass nitrogen (MBN) 
were measured using the chloroform fumigation-extraction method (Vance et al., 
1987). The non-fumigated sample was combined with 0.5 M K2SO4 added at a 
7:1 solution to dry soil ratio, followed by shaking for 1 hr in a horizontal shaker at 
200 rpm, and filtration through Whatman #1 filter paper. The non-fumigated 
sample represents the amount of dissolved C or N available in the soil. The 
second subsample was fumigated with ethanol-free chloroform for 3 days. After 
venting the residual chloroform, the sample was extracted using K2SO4 as 
described above. All filtrates were stored in the freezer until analysis with a 
Shimadzu Total Organic Carbon Analyzer (Model TOC-LCSH) and Total 
Nitrogen Analyzer (Model TNM-L). K2SO4 blanks were also analyzed in triplicate. 
The difference in C or N between the fumigated and non-fumigated samples 
gives the chloroform-labile C or N pool (EC or EN). MBC was calculated using 
the equation MBC = EC/k where k is estimated as 0.45 (Beck et al., 1997), and 
MBN was calculated using the equation MBC = EC/k where k is estimated as 
0.54 (Brookes et al. 1985). For determination of soil microbial biomass 
phosphorus (MBP), 10 g of soil was added to a 50 ml centrifuge tube with 36 ml 
of Bray solution (containing 0.03 M NH4F and 0.025 M HCl) and 4 ml of DI water. 
Mixtures were placed in a horizontal shaker at 200 rpm for 1 hour, and then 
filtered using Whatman #42 filter paper. As with MBC and MBN determination, 
subsamples were fumigated with ethanol-free chloroform for 3 days. The 
difference in Bray-extractable P from fumigated and non-fumigated samples was 
taken to represent soil MBP. For MBC, MBP, and MBN determination, the 
 
 193 
average of two independently processed and measured subsamples from each 
soil collection was used for analysis. 
 
A.1.2. Soil enzyme assays 
  Enzyme assays were performed on field, control incubation, and P-
amended incubation soil samples by measuring the activities on target substrates 
labeled with 4-methylumbelliferone (MUB). See Figure A-2 for a diagram of 
incubation soils used for enzyme activity analysis. The substrates in our study 
included 4-MUB-α-D-glucopyranoside for α-glucosidase (AG), 4-MUB-β-D-
glucopyranoside for β-glucosidase (BG), 4-MUB-β-D-cellobioside for β-D-
cellubiosidase (CB), 4-MUB-N-acetyl-β-D-glucosaminide for N-acetyl β-
glucosaminidase (NAG), 4-MUB-β-D-xylopyranoside for β-xylosidase (XYL), 4-
MUB-phosphate for phosphomonoesterase (PHOS), and bis-4-MUB-phophate 
for phosphodiesterase (DIPHOS). For each soil sample, soil equivalent to 2.75 g 
of dry weight was measured. Sodium acetate buffer (50 mM) was adjusted to 
match the pH of each soil sample. The soil sample was subsequently mixed with 
91 mL of the pH-adjusted sodium acetate buffer. The soil slurry was divided into 
three technical replicates. Each well in the 96-well plate was filled by 800 µl of 
the soil slurry. For standard plates, each row of the wells was further mixed with 
200 µl of MUB solutions of the concentrations of 2.5, 5, 10, 25, 50, 100 µM 
respectively. For enzyme reaction plate, each row of the wells was mixed with 
200 µl of each MUB labeled substrate (200 µM). The incubation at 26 ºC was 
performed on both standard and enzyme reaction plates for 3 hours. 
Subsequently, the plates were taken out of the incubator and centrifuged for 8 
min at 1500 rpm. From each well, 250 µl of the supernatant was transferred to a 
clean reading plate. The reaction was terminated by adding 5 µl of 0.5 M NaOH. 
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Measurements for reading plates were conducted on Tecan Infinite M200 
microplate reader for the absorbance at 365 nm. The enzyme activities were 
quantified as nmol/gram-dry-soil/hour based on the regression lines of those 
standard curves. Relative phosphomonoesterase activity was comparable 
between soils. Thus, enzyme activities were evaluated as a ratio between SOC-
degrading enzyme activities (namely, those of α-glucosidase, β-glucosidase, β-
D-cellubiosidase, N-acetyl β-glucosaminidase, and β-xylosidase) and 
phosphodiesterase (DIPHOS) activity (e.g., β-glucosidase:DIPHOS), an 
approach used in previous studies to compare enzyme activities between soils 
(Sinsabaugh et al., 2009; Ramirez et al., 2012; Turner and Wright 2014). 
 
A.2.1. Supplemental references 
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Sinsabaugh R.L., Hill B.H., Shah J.J.F., 2009. Ecoenzymatic stoichiometry of 
microbial organic nutrient acquisition in soil and sediment. Nature 462, 795. 
 
 195 
Turner B.L., Wright S.J., 2014. The response of microbial biomass and hydrolytic 
enzymes to a decade of nitrogen, phosphorus, and potassium addition in a 
lowland tropical rain forest. Biogeochemistry 117, 115–130. 
Vance E.D., Brookes P.C., Jenkinson D.S., 1987. Microbial biomass 
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Figure A-1: Map of the field sites located in the El Yunque National Forest 






Figure A-2: Diagram of soil incubations performed for ~6 days and ~14 
days using Oak Ridge National Laboratory (ORNL) and University of 
Tennessee (UT) MicroOxymax Respirometer systems (Columbus 
Instruments, Columbus, OH), respectively. Numbers in circles denote unique 
samplings from each of the four sites. Open white circles (not black) represent 
incubations that were performed for each of the two setups; black circles 
represent incubations not performed. Those colored in green were selected for 
metagenomics, metatranscriptomics, and enzyme assay analyses. High quality 








Figure A-3: Correlations between respiration activity and measured soil 
indices for ridge soils. Graphs show (A) available soil phosphorus vs. microbial 
biomass phosphorus (MBP), (B) cumulative CO2 respiration after 14 days vs. 
MBP, (C) cumulative CO2 respiration after 14 days vs. the ratio of microbial 
biomass carbon (MBC) to MBP, (D) the difference in CO2 respiration after 14 
days between control and P amended incubations vs. the ratio of MBC to MBP, 
(E) MBP vs. MBC, (F) MBP vs. microbial biomass nitrogen. Statistical 





















Figure A-4: Relative enzymatic activity for soils from field (Field), control 
(P-), and incubations amended phosphorus (P+). Values are expressed as a 
ratio between various soil organic carbon-specific enzyme activities relative to 
the activity of diphosphoesterase. Labels are AG:α-glucosidase, BG:β-
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Figure A-5: Curves representing soil microbial community complexity as 
determined by Nonpareil. Nonpareil is a statistical tool that uses read 
redundancy to estimate metagenome dataset complexity and the amount of 
sequencing effort needed to achieve a desired level of coverage (Rodriguez-R et 
al., 2018). Circles on curves represent the estimated average coverage at the 
sequencing depth/effort applied; projected line to the right of the circle represents 
the expected coverage for higher sequencing efforts. Dashed lines represent 
95% and 99% coverage; curves positioned on the right represent more 







Figure A-6: Taxonomic composition (phylum-level) of soil communities, 
using 16S rRNA gene fragments recovered from each of the ten 






Figure A-7: (A) Heatmap showing the distances calculated with Mash 
(using kmer composition) between sample metagenomes. Heatmap was 
produced with superheat R package. Samples are ordered by hierarchical 
clustering, and a dendrogram is included to illustrate the arrangement of clusters 
produced by hierarchical clustering. (B) PCoA plot illustrating the 
arrangement of samples based on taxonomic composition in the 2D plane 
spanned by their first two principal components. Underlying data are Bray-








Figure A-8: Heatmap showing the relative transcription of phosphorylase 
genes  and glgX for both control (P-) and corresponding P-amended 
incubations (P+) from El Verde ridge (ER) and Bisley ridge (BR) 
metatranscriptomes. Phosphorylase genes (summarized as enzyme 
commission IDs) incuded all entries represented by the SwissProt database 
involved in the phosphorolysis of carbohydrate substrates with an average 
relative abundance > 1E-5. To better emphasize differences between datasets, 
values were normalized by the average relative transcript abundance of all 
datasets (by rows). Sub-plots on the right of each heatmap represent the log2 
fold-change calculated for each gene obtained from edgeR, and are colored by 




P < 0.05P > 0.05













Figure A-9: Heatmap showing the relative transcription of genes related to 
electron transport chain (ETC) processes, cellular stress and maintenance, 
and ribosome biogenesis (bacterial ribosomal proteins) and recycling (frr) 
for both control (P-) and corresponding P-amended incubations (P+) from 
El Verde ridge (ER) and Bisley ridge (BR) metatranscriptomes. To better 
emphasize differences between datasets, values were normalized by the 
average relative transcript abundance of all datasets (by rows). Sub-plots on the 
right of each heatmap represent the log2 fold-change calculated for each gene 
obtained from edgeR, and are colored by statitistical significant differences 




























































































































































































































APPENDIX B: SUPPLEMENTAL MATERIAL FOR CHAPTER 3 
 
 
B.1. Supplementary methods and materials 
B.1.1. Shotgun metagenomic sequence pre-processing and annotation 
Paired-end shotgun metagenomic sequences were merged using PEAR 
(Zhang et al., 2014). Successfully merged reads underwent quality trimming 
using the SolexaQA package (Cox et al., 2010); reads were trimmed where 
Phred quality scores dropped below 17 (>98% accuracy). Nonmerge-able reads 
were trimmed separately. Reads >80-bp following trimming were retained. 
FragGeneScan was used for the protein prediction (Rho et al., 2010), adopting 
the Illumina 1% error model. The resulting amino acid (a.a.) sequences were 
searched against Swiss-Prot (UP consortium, 2014), using blastp (Camacho et 
al., 2009) (blast+ version 2.2.29, options: –word_size 3, outfmt 6). Matches with a 
bit score >75, alignment length >25 a.a., and a.a. identity >40% were deemed 
acceptable for further analysis. A count matrix (with sample metagenomes as 
columns and gene annotations or metabolic process categories as rows) was 
generated to summarize the occurrence of each Swiss-Prot entry in each 
sample. Corresponding Gene Ontology Annotations of functions and processes 
for each Swiss-Prot entry was obtained from the uniprot_sprot.dat file provided 
on http://www.uniprot.org/downloads (downloaded on July 2014). A count matrix 
of summarized gene ontology pathways was processed with the DESeq2 
package (Love et al., 2014) to identify differentially-abundant pathways between 
the treatments and to generate log2 transformations of gene/process abundance 
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ratios. The raw count data underwent a variance-stabilizing transformation, which 
is used for logarithmically distributed count data with low mean values that tend 
to have high variance. This transformation results in new values that have a 
relatively constant variance along the range of mean values and confers a 
reduced false positive rate for less abundant genes (Anders & Huber, 2010). P-
values of pathways for SOM catabolism and S and N cycling were transformed to 
account for false discovery rate from multiple testing using Benjamini–Hochberg 
correction (adjusted P-values; Benjamini and Hochberg, 1995).  
 
B.1.2. Taxonomic composition analysis 
Using both merged and non-merged reads >80bp after trimming, the 
relative abundance of various prokaryotic phyla was determined. To achieve this, 
candidate 16S rRNA sequences were first identified by searching reads from 
entire metagenomes against the May 2013 release of Greengenes 16S 
ribosomal database (DeSantis et al., 2006) pre-clustered at 88% identity, using 
blastn (blast+ version 2.2.29, options: -word_size 16, -outfmt 6, -task blastn, -
dust no). Matches with a bit-score >45 were used in a subsequent filtering 
process. Various scripts in Qiime were used for the majority of the remaining 
workflow (Caporaso et al., 2010). Candidate 16S rRNA underwent closed-
reference OTU (Operational Taxonomic Unit)-picking against Greengenes 
database pre-clustered at 99% (options: -m uclust_ref –s 0.97) (Edgar, 2010). 
Taxonomic annotations for each representative sequence provided by 
Greengenes were used for each resulting OTU. The phyla abundances for each 
sample were then summarized using this information.  
To estimate the abundance of fungi relative to prokaryotes, these reads 
were also aligned to the Silva database (Quast et al., 2013), using similar 
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procedures. In particular, 18S rRNA genes were used as references for fungi 
while 16S rRNA genes for archaea and bacteria. The percentage of reads 
belonging to each of the three groups was calculated as their relative abundance. 
Bacteria were found to make up ~94% of reads, and thus we further calculated 
bacterial taxonomic richness by sampling equal number of sequences. 
 
B.2. Supplementary references 
Anders S, Huber W. (2010). Differential expression analysis for sequence count 
data. Genome Biol 11: 106. 
Camacho C, Coulouris G, Avagyan V, Ma N, Papadopoulos J, Bealer K et al. 
(2009). BLAST plus: architecture and applications. BMC Bioinformatics 10: 
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B.3. Supplemental tables and figures 
 









used in blastp 
Total Reads 
used in Blastp 
Annotations 
Made 
0 0 ZXM-2 6884555 6595856 124994 6720850 974720 
0 0 ZXM-3 7819079 6888224 518126 7406350 1148176 
0 0 ZXM-4 9197718 6848079 1313986 8162065 1169287 
0 0 ZXM-5 10170980 5698469 1967701 7666170 1096956 
0 0 ZXM-7 14151791 10502887 723359 11226246 1632378 
0 1 ZXM-8 12581286 7014906 2393488 9408394 1357400 
0 1 ZXM-9 11380278 5587307 2934746 8522053 1182923 
0 1 ZXM-10 13011134 9499393 806617 10306010 1522940 
0 1 ZXM-11 12353161 9569367 529014 10098381 1475441 
0 1 ZXM-12 13543460 9311805 1231322 10543127 1557768 
0 1 ZXM-13 30159789 17040454 6098582 23139036 3091273 
1 0 ZXM-14 13486585 9295828 986281 10282109 1575095 
1 0 ZXM-16 11865752 9391361 495893 9887254 1414182 
1 0 ZXM-17 13550713 10890587 365306 11255893 1611091 
1 0 ZXM-18 11252495 8517501 839109 9356610 1364387 
1 0 ZXM-19 11152412 8935248 391014 9326262 1255115 
1 0 ZXM-20 9999200 7826047 535233 8361280 1321991 
1 1 ZXM-21 8657718 7674047 224799 7898846 1233259 
1 1 ZXM-22 8483799 7500108 244559 7744667 1239844 
1 1 ZXM-23 8539432 7404922 333403 7738325 1210705 
1 1 ZXM-24 9112796 7943643 361350 8304993 1290767 
1 1 ZXM-25 12553267 8710502 1977398 10687900 1595095 















Table B-1: Information pertaining to the merge-ability, sequence quality, and 
number of annotation made for shotgun-metagenome datasets representing 
each soil sample. The 0 and 1 for watering/warming represent without and with 





Figure B-1: The spatial distribution of plots in the three blocks. C, T, W and WT 






Figure B-2: Curves representing soil microbial community complexity 
estimations as determined by Nonpareil. Nonpareil is a statistical tool that uses 
read redundancy to estimate dataset complexity and the amount of sequencing 
effort needed to achieve a desired level of coverage. Circles on curves represent 
the coverage of the actual sequencing richness from the dataset supplied by the 
user in relation to the entire curve. Curves positioned on the right represent more 






Figure B-3: Correlation between changes in microbial community and plant 
community compositions as an effect of the treatments. The graph represents the 
primary axes resulting from PCoA of Microbial community Mash-based distances 
(y-axis) and Bray-Curtis distances of the corresponding plant communities (x-
axis) for the same experimental plots. The proportion of variation explained by 
Plant Bray Curtis PCoA axis 1 is 37.2% and by metagenomics Mash PCoA axis 1 






Figure B-4: Effect of experimental treatments on the phylogenetic composition of 
soil microbial communities. The graph represents the results of the PCoA 
analysis of the weighted UniFrac distances among the communities sampled 
based on 16S rRNA gene amplicon-based OTUs. The proportion of variation 







Figure B-5: The similar effects of different experimental treatments on the 











APPENDIX C: SUPPLEMENTAL MATERIAL FOR CHAPTER 4 
 
 
C.1. Supplemental tables and figures 
 
 
Figure C-1: OTU rarefaction curve. Displays the number of OTUs obtained by 
subsampling at different sequencing depths; an estimate of  microbial community 
diversity. Estimates are obtained by random sampling of a supplied OTU table of 
16S rDNA gene amplicons from region V4 clustered at 97% similarity, with 








Figure C-2: OTU sharing network representing OTUs (PCR amplicons from 
16S rRNA gene clustered at 97% similarity). Samples are clustered 
(positioned) according to the presence and abundance of their shared OTUs 
(using make_otu_network.py, a QIIME script; Caporaso et al. 2010b). Bold red 
and orange dots represent Oklahoma soil samples, warming and control plots, 
respectively; Bold dark blue and light blue dots represent Alaska soil samples, 
warming and control, respectively. White dots represent OTUs, and a line 
connecting these dots to a bolded sample dot indicates that the OTU is present 
in that sample. After removal of singleton OTUs from the dataset (OTUs 
appearing only once), 8,290 OTUs are represented at the OK site and 6,292 
OTUs are represented at the AK site, with only 766 OTUs shared between the 






Figure C-3: (a) PCA plot. The 19 samples shown in the 2D plane spanned by 
their first two principal components. Underlying data are gene count matrix (short 
read annotation to Swiss-Prot) which have undergone variance stabilizing 
transformation in DESeq2 package. (b) Sample-to-sample distances. Heatmap 
showing the Euclidean distances between samples as calculated from the 






Figure C-4: Log2-fold differences in gene abundance between OK and AK 
soil samples of select SOM catabolic pathways. Dark grey bars represent 
pathways that were more abundant in AK metagenomes and light grey bars 
represent pathways that were more abundant in OK metagenomes. Pathways 
include (a) disaccharides, polysaccharides, cell wall constituents, hemicelluloses, 
cellulose, lignin, and chitin, a well as (b) sugar alcohols, sugar acids, and 
monosaccharides. SOM constituent catabolic pathways preceded with an 







Figure C-5: Log2-fold differences in gene abundance between OK and AK 
soil samples for (a) catabolic pathways of lipids, phenolic compounds, and 
carboxylic acids, as well as (b) select S, N, and P-cycle pathways. Blue bars 
represent pathways that were more abundant in AK metagenomes and green 
bars represent pathways that were more abundant in OK metagenomes.  
Pathways names preceded with an asterisk denote those that were significantly 






Figure C-6: Phylogenetic tree displaying relatedness of bin assemblies 03, 
06, 07, and 11/12 to other known Acidobacteria representatives. Underlying 
data are aligned LSU sequences from bins and acidobacterial LSU sequences 
from SILVA LSU database (Quast et al. 2013) using a representative from Ca. 
OP8 as an out-group. For many sequences, the SILVA name was modified for 
simplicity/aesthetics and unique accession numbers are provided in all instances 
that link many nodes to respective database sequences. Monophyletic groups 


















Figure C-7: Fragment recruitment plots. Diagrams expressing coverage of all 
contigs of several population bins assembled from AK metagenomes. All 
metagenomic short reads from select sample metagenomes (usually the sample 
in which the organism had the highest representation) were searched against 
each bin in a megablast search. The position histogram (top left of each) displays 
the coverage of each base position, determined by a 1000bp window average. 
An even coverage across the entire contig from matching reads that are high 
identity (>95%) as well as an absence of redundant positions is indicative of a 
high quality contig from a single population. The recruitment plot (bottom left of 
each) shows where individual metagenomic reads matched to the population bin 
and the identity (%) of the match. The ID histogram (bottom right) displays the 
total number of short read-derived base-positions at given percent identities. 
Note that in all cases shown, a sequence-discrete population represented by 
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reads showing high nucleotide identity to the reference population genome 
sequence (typically >95% nucleotide identity) and even coverage across the 
length of the reference sequence are obvious. In some cases such as Bin 22 
against AK-T6 closely related (i.e., showing 80-95% nucleotide identity to the 
reference sequence) population(s) are also present (co-occurring) in the sample 
while in cases such as Bin 04 against AK-T4, no co-occurring relatives are 











Figure C-8: Fragment recruitment plots and phylogenetic trees of rpoB 
gene sequences of four geographically dispersed population bins. 
Population bins assembled from CiPEHR metagenomic datasets were searched 
against publically available metagenomes representing distant locations for 
fragment recruitment analysis in the same manner as discussed in Figure C-7. 
Diagrams express the coverage of concatenated contigs (from left to right; 
contigs separated by grey vertical bars) in metagenomes from Taş et al. 2014 
(Nome Creek, AK; >200km distance from CiPEHR). Phylogenetic trees 
constructed from rpoB gene sequences assembled, de-novo, from metagenomes 
at both locations independently (in boldface) as well as unassembled rpoB-
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encoding short reads from the same metagenome. Trees also include a 
reference rpoB gene sequence from NCBI (outgroup) as well as unassembled 
reads from a soil metagenome from Fierer et al. 2012 (Toolik Lake LTER, AK; 
~530km distance from CiPEHR). The trees reveal the high relatedness among 
organisms present at all three sites (e.g., reads do not cluster by site but are 
intermixed). Diagrams represent (a) Sample NC2-4 (Burned 10-20cm) vs Bin 06 
assembly, (b) Sample NC3-6 (Control 50-60cm) vs Bin 07 assembly, (c) Sample 





Figure C-9: The acidobacterial population recovered from the SPRUCE 
metagenome. Graphs show the acidobacterial fragment recruitment plot of 
SPRUCE soil metagenome assembly (left) average nucleotide identity 
comparison to bin 11 (right top), basic assembly statistics, and assessment of bin 
completeness and contamination (bottom right table).  Population bin assembled 
from SPRUCE soil metagenomes were searched (with megablast) against the 
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dataset from which it was derived (NCBI SRA entry SRR1157608; 75-100 cm soil 
depth) and a fragment recruitment plot was generated in the same manner as 
discussed in Figure C-5. Average nucleotide identity (ANI) comparison was made 
between this assembled bin and the closest matching assembly from CiPEHR 
metagenomes, bin 11, using web-based ANI calculation tools available at 
http://enve-omics.ce.gatech.edu/ani/. Presence of 104 single copy bacterial 
genes, which is used in the assessment of assembly completion and 




Figure C-10: Contigs from two populations conserved between CiPEHR and 
Nome Creek control soils, but with gene loss resulting from fire event at 
Nome Creek. Contigs from population bins assembled from CiPEHR 
metagenomic datasets were searched against publically available metagenomes 
representing A) Nome Creek control 50-60cm depth and B) Nome Creek fire 
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impacted 50-60cm depth) for fragment recruitment analysis in the same manner 
as discussed in Figure C-7. Gene content difference was 2-3% of the entire 
genome assembly in the case of bins 7 and 9. Contigs shown above displayed 





Table C-1: Soil chemical and physical measurements for CiPEHR and KFFL 
soil samples. Method descriptions for each type of measurement can be found 
in Xue et al. 2016. 
 
Site Sample ID Bulk density %N %C pH
LP1 (mg C g 
dry soil-1)
LP2 (mg C g 
dry soil-1)




CiPEHR AK-C1 0.14 2.00 37.68 5.05 115.90 37.33 423.70 1195.00
CiPEHR AK-C2 0.28 1.56 35.44 4.94 123.50 50.87 366.10 1356.50
CiPEHR AK-C3 0.18 0.40 38.66 4.80 154.85 55.80 394.50 1094.00
CiPEHR AK-C4 0.33 1.20 18.71 4.86 141.74 106.80 311.60 640.00
CiPEHR AK-C5 0.21 1.52 31.27 4.86 36.86 38.00 193.80 768.00
CiPEHR AK-C6 0.63 1.81 36.11 5.23 150.10 73.70 415.00 1158.50
CiPEHR AK-T1 0.82 1.75 33.64 4.73 191.90 121.80 380.30 809.50
CiPEHR AK-T2 0.17 2.95 27.60 4.86 83.41 59.20 272.10 735.00
CiPEHR AK-T3 0.21 1.55 32.39 4.51 37.70 70.05 284.20 646.00
CiPEHR AK-T4 0.21 1.18 38.54 4.63 75.32 69.34 349.90 889.50
CiPEHR AK-T5 0.21 1.05 34.77 4.44 51.05 64.24 311.30 841.00
CiPEHR AK-T6 0.20 1.13 34.74 4.96 96.52 76.82 298.30 1071.50
KFFL OK-3C N/A 4.98 0.81 N/A 6.41 2.44 3.80 56.00
KFFL OK-6C N/A 5.89 0.42 N/A 2.18 1.58 2.80 23.30
KFFL OK-19C N/A 5.41 0.55 N/A 1.69 1.20 2.90 17.95
KFFL OK-23C N/A 4.28 0.89 N/A 3.16 2.61 5.60 35.65
KFFL OK-1H N/A 5.26 0.48 N/A 3.03 2.51 4.60 34.20
KFFL OK-10H N/A 4.60 0.84 N/A 3.12 4.33 4.70 45.15
KFFL OK-16H N/A 3.64 1.16 N/A 2.73 3.32 5.30 36.80





Table C-2: Datasets (including pertinent information) used to compare 
community characteristics (taxa, populations, functional genes) shared 




Table C-3: Information pertaining to sample-specific barcode identifiers, 
the merge-ability, sequence quality, and number of annotation made for 
16S rRNA gene amplicon sequences representative of each soil sample. 
For sample ‘OK_20H’, PCR amplicon data were not available. Therefore, it was 




























AK_C2 140,384,743 42,115,422,900 88,938,535 81,911,488 11,272,986 13.76% 
AK_C3 127,668,458 38,300,537,400 55,494,410 50,258,776 7,133,996 14.19% 
AK_C4 123,994,800 37,198,440,000 43,931,094 41,215,414 7,007,438 17.00% 
AK_C5 136,918,270 41,075,481,000 77,972,852 74,233,948 11,093,641 14.94% 
AK_C6 145,020,548 43,506,164,400 88,303,693 79,740,381 9,816,350 12.31% 
AK_T1 88,621,343 26,586,402,900 43,063,960 41,082,354 6,082,884 14.81% 
AK_T2 115,149,822 34,544,946,600 52,812,203 47,829,930 6,689,572 13.99% 
AK_T3 129,728,436 38,918,530,800 70,847,511 65,415,616 9,846,729 15.05% 
AK_T4 144,973,423 43,492,026,900 110,018,815 101,786,723 12,711,784 12.49% 
AK_T5 166,411,844 49,923,553,200 110,104,603 100,970,305 12,602,459 12.48% 
AK_T6 149,370,367 44,811,110,100 109,824,451 99,923,813 12,167,769 12.18% 
OK_3C 120,253,701 36,076,110,300 52,477,090 48,578,565 8,036,148 16.54% 
OK_6C 109,642,544 32,892,763,200 64,581,913 20,384,797 3,266,908 16.03% 
OK_19C 132,777,103 39,833,130,900 65,725,755 60,307,185 9,293,533 15.41% 
OK_23C 116,865,558 35,059,667,400 57,197,196 52,759,317 8,589,159 16.28% 
OK_1H 146,224,604 43,867,381,200 70,075,328 64,873,555 10,775,911 16.61% 
OK_10H 135,467,362 40,640,208,600 63,057,030 58,630,367 9,609,617 16.39% 
OK_16H 141,761,229 42,528,368,700 38,561,786 31,704,520 4,452,998 14.05% 
OK_20H 123,179,662 36,953,898,600 71,373,159 65,363,171 10,388,444 15.89% 
 
 
Table C-4: Information pertaining to the merge-ability, sequence quality, 
and number/percent of annotation made for shotgun-metagenome datasets 





Table C-5: Soil microbial community complexity for estimations as 
determined by Nonpareil. Nonpareil is a statistical tool that uses read 
redundancy to estimate dataset complexity and the amount of sequencing effort 
needed to achieve a desired level of åcoverage, given for each sample, as well 
as ‘comprehensive datasets’ containing all reads from either site. 
 
Metagenome Dataset $kappa Estimated % Coverage





CiPEHR AK-C2 0.750 0.804 8.86E+10 1.51E+10
CiPEHR AK-C3 0.700 0.764 6.18E+10 9.44E+09
CiPEHR AK-C4 0.666 0.735 5.04E+10 8.41E+09
CiPEHR AK-C5 0.813 0.855 4.30E+10 1.47E+10
CiPEHR AK-C6 0.839 0.876 3.35E+10 1.31E+10
CiPEHR AK-T1 0.784 0.831 3.12E+10 8.15E+09
CiPEHR AK-T2 0.717 0.777 4.60E+10 8.70E+09
CiPEHR AK-T3 0.729 0.788 7.05E+10 1.21E+10
CiPEHR AK-T4 0.754 0.807 7.49E+10 1.68E+10
CiPEHR AK-T5 0.840 0.876 4.39E+10 1.67E+10
CiPEHR AK-T6 0.820 0.861 4.63E+10 1.63E+10
KFFL OK-3C 0.293 0.394 1.47E+12 8.94E+09
KFFL OK-6C 0.224 0.322 1.46E+11 3.71E+09
KFFL OK-19C 0.263 0.364 4.54E+11 1.10E+10
KFFL OK-23C 0.417 0.516 2.12E+11 9.59E+09
KFFL OK-1H 0.369 0.470 4.82E+11 1.20E+10
KFFL OK-10H 0.223 0.321 2.87E+11 1.08E+10
KFFL OK-16H 0.215 0.313 3.11E+11 5.44E+09
KFFL OK-20H 0.541 0.628 2.35E+11 1.16E+10
Comprehensive CiPEHR AK 0.893 0.918 2.13E+11 1.39E+11
Comprehensive KFFL OK 0.485 0.579 1.84E+12 6.22E+10
NC1-4 (Fire A 10-20cm) 0.506 0.597 5.34E+10 5.39E+09
NC1-6 (Fire A 50-60cm) 0.646 0.718 3.87E+10 6.38E+09
NC1-12 (Fire A 90-100cm) 0.758 0.811 1.94E+10 5.81E+09
NC2-4 (Fire B 10-20cm) 0.375 0.476 1.07E+11 3.15E+09
NC2-6 (Fire B 50-60cm) 0.589 0.669 6.08E+10 8.01E+09
NC2-12 (Fire B 90-100cm) 0.523 0.612 1.07E+11 6.93E+09
NC3-4 (Control A 10-20cm) 0.427 0.525 5.89E+10 5.79E+09
NC3-6 (Control A 50-60cm) 0.678 0.745 2.50E+10 6.14E+09
NC3-12 (Control A 90-100cm) 0.610 0.688 4.37E+10 5.69E+09
NC4-4 (Control B 10-20cm) 0.369 0.470 7.00E+10 6.01E+09
NC4-6 (Control B 50-60cm) 0.639 0.712 3.40E+10 5.94E+09
NC4-12 (Control B 90-100cm) 0.769 0.820 1.54E+10 5.48E+09
Bonanze Creek Active Layer A 0.164 0.254 2.42E+10 1.15E+09
Bonanze Creek Active Layer B 0.207 0.303 4.49E+10 1.93E+09
Urbana, IL (Agriculture) 0.233 0.331 2.81E+11 1.25E+10





Table C-6: The Abundance of Bacteria and Archaea taxonomic groups of 
interest with means specific to each study site. Data shown in table was 
determined by 16S rRNA gene amplicons of the V4 region. Oklahoma sample 















Table C-7: Abundance of Bacterial and Archaeal phyla in (top) Alaskan 
tundra CiPHER site soils, and (bottom) Oklahoma prairie KFFL site soils. 
Means and standard deviations specific to each site are displayed. Data shown 
in table was determined by 16S rDNA PCR amplicons of the V4 region. Phyla are 
in order from highest to lowest mean for each site. Phyla with a mean abundance 
of less than 0.5% are omitted from each table. Note that Oklahoma sample 20H 






Table C-8: The relative abundance of selected genes in each metagenomic 
dataset that were specifically mentioned in the text. Values represent counts 
out of 1,000,000 annotations made. Gene descriptions and IDs correspond to 



















Table C-9: Summary statistics for each bin. Including n50 (i.e., the length that 
>50% of the assembly is in contigs of this length or longer), the length of the 
longest contig, the total length of all contigs combined, and the number of contigs 
comprising a bin. All contigs were > 1kbp. CheckM was used to assess each bin 
for completedness, checking for the presence of 104 single copy bacterial genes. 
The number in each column represents the number of instances each of the 104 
Bacterial single copy genes was found in each bin (i.e. 98 single copy genes 
were found once in Bin 01). Bins highlighted in green indicate those estimated to 
be >80% complete. Single copy marker genes that occur more than once serve 
as an indicator of contamination – i.e. that the assembly is combined with 
sequences from a more than one organism. 
 POPULATION BIN BASIC INFO 
104 SINGLE COPY 


















1 87585 258416 4341484 85 5 98 1 0 94.0% 1.7% 
2 44196 144885 4793253 228 21 83 0 0 89.7% 0.0% 
3 167654 415574 5822639 110 4 100 0 0 95.7% 0.0% 
4 36041 146424 2468837 156 14 90 0 0 81.0% 0.0% 
5 20203 76412 2053920 189 12 92 0 0 83.5% 0.0% 
6 54187 226195 3684989 154 2 102 0 0 97.4% 0.0% 
7 142525 388009 5910590 149 12 92 0 0 89.8% 0.0% 
8 65109 167976 3268372 73 3 100 1 0 95.7% 1.7% 
9 5369 29935 3892756 976 69 34 1 0 54.3% 1.7% 
10 12295 50046 2301754 289 18 85 1 0 81.3% 1.7% 
11 51987 197629 5172412 191 2 102 0 0 98.8% 0.0% 
12 58175 161485 2468333 73 80 24 0 0 37.1% 0.0% 
13 10550 36899 3730785 564 27 75 2 0 66.6% 3.5% 
14 11076 60265 4040674 575 39 64 1 0 65.7% 1.7% 
15 4362 19644 2402663 675 58 46 0 0 53.0% 0.0% 
16 16102 93823 5151448 478 57 46 1 0 68.7% 1.7% 
17 6223 29378 3210355 712 52 52 0 0 48.3% 0.0% 
18 12136 64006 7779547 979 44 52 8 0 72.1% 13.8% 
19 9878 99463 4721202 820 45 58 1 0 65.5% 1.7% 
20 13258 53656 3231835 375 31 71 2 0 83.1% 1.0% 
21 6777 61204 3385891 718 41 62 1 0 55.4% 1.7% 
22 27045 163169 4115219 235 30 74 0 0 74.4% 0.0% 
23 20762 49785 1603225 119 49 55 0 0 44.1% 0.0% 
24 218163 218163 388312 3 104 0 0 0 0.0% 0.0% 
25 13861 63010 585735 55 103 1 0 0 0.9% 0.0% 
26 15154 70312 961897 108 102 2 0 0 3.5% 0.0% 











Best Match (SILVA LSU database v119) Database accession ID 
1 2872 93.04 Verrucomicrobia;Opitutae;Opitutales;Opitutaceae;Opitutus;Opitutus terrae PB90-1 
CP001032.2053384.205625
1 
3 568 94.37 Acidobacteria;Acidobacteriales;Acidobacteriaceae;Acidobacteriaceae bacterium KBS 83 
ARMD01000022.431651.434
588 
6 1546 80.21 Acidobacteria;Acidobacteriales;Acidobacteriaceae;Candidatus Koribacter;Candidatus Koribacter versatilis Ellin345 
CP000360.5256362.525932
7 
7 358 94.69 Acidobacteria;Acidobacteriales;Acidobacteriaceae;Granulicella;Granulicella mallensis MP5ACTX8 CP003130.693578.696525 
8 3001 93.37 Actinobacteria;Thermoleophilia;Solirubrobacterales;Conexibacteraceae;Conexibacter;Conexibacter woesei DSM 14684 
CP001854.3761310.376430
6 
10 996 84.74 Proteobacteria;Gammaproteobacteria;Legionellales;Coxiellaceae;Coxiella;Pseudomonas moraviensis R28-S 
AYMZ01000007.155400.157
795 
12 487 94.25 Acidobacteria;Acidobacteria;Acidobacteriales;Acidobacteriaceae;Acidobacteriaceae bacterium KBS 83 
ARMD01000022.431651.434
588 
27 3022 88.05 Bacteria;Proteobacteria;Deltaproteobacteria;Myxococcales;Polyangiaceae;Sorangium;Sorangium cellulosum So ce56 
AM746676.3488030.349104
5 








Best Match (SILVA SSU database v119) Database accession ID 
1 1484 98.99 Verrucomicrobia;Opitutae;Opitutales;Opitutaceae;Opitutus JQ311870.1.1484 
2 319 99.37 Acidobacteria;Acidobacteriales;Acidobacteriaceae GQ339162.1.1463 
3 338 99.41 Acidobacteria;Subgroup 3;Unknown Family;Candidatus Solibacter EF018719.1.1346 
4 760 95.66 Chlorobi;Ignavibacteria;Ignavibacteriales FR667819.1.1489 
8 1498 99.07 Actinobacteria;Thermoleophilia;Solirubrobacterales;TM146 EU861899.1.1498 
10 973 98.77 Proteobacteria;Gammaproteobacteria;Xanthomonadales AY963465.1.1458 
14 254 97.24 Actinobacteria;Actinobacteria;Frankiales;Acidothermaceae;Acidothermus AB821057.1.1475 
20 169 100 Acidobacteria;Acidobacteriales;Acidobacteriaceae (Subgroup 1) FJ624922.1.1488 
22 241 99.59 Acidobacteria;Acidobacteriales;Acidobacteriaceae (Subgroup 1) GQ339162.1.1463 
27 1557 96.34 Proteobacteria;Deltaproteobacteria;Myxococcales;Polyangiaceae;Sorangium EU445217.1.1547 
 
 
Table C-10: Information on bins containing ribosomal sequences. 16S rRNA 
gene matches were determined by using a BLAST search (word size = 18) on 
whole population bins against SILVA SSU (small subunit) ribosomal RNA 
sequences (v119 release), and 23S rDNA matches were determined by using a 
blast search (word size = 18) on whole population bins against SILVA LSU (large 
subunit) ribosomal RNA sequences (v119 release). Only matches that were 




APPENDIX D: SUPPLEMENTAL MATERIAL FOR CHAPTER 5 
 
 
















Control 1 (15-25cm) 16921626 14009649 82.8% 5.08 3.02 
Control 2 (15-25cm) 27732641 22464651 81.0% 8.32 5.56 
Control 3 (15-25cm) 23357438 18245350 78.1% 7.01 4.79 
Control 4 (15-25cm) 28854107 20482564 71.0% 8.66 5.65 
Control 5 (15-25cm) 37835617 30044541 79.4% 11.35 6.35 
Control 6 (15-25cm) 21182813 15933022 75.2% 6.35 4.26 
Warming 1 (15-25cm) 24473078 19649679 80.3% 7.34 4.94 
Warming 2 (15-25cm) 29401318 24324617 82.7% 8.82 5.99 
Warming 3 (15-25cm) 31374460 22870499 72.9% 9.41 6.08 
Warming 4 (15-25cm) 20149558 15834600 78.6% 6.04 4.07 
Warming 5 (15-25cm) 23412481 18608517 79.5% 7.02 4.56 
Warming 6 (15-25cm) 38005737 31682650 83.4% 11.40 6.93 
Control 1 (45-55cm) 14057671 11455841 81.5% 4.22 2.88 
Control 2 (45-55cm) 20247622 16323195 80.6% 6.07 3.58 
Control 3 (45-55cm) 18636844 15863933 85.1% 5.59 3.78 
Control 4 (45-55cm) 18322419 15359809 83.8% 5.50 3.56 
Control 5 (45-55cm) 15207692 12794505 84.1% 4.56 3.22 
Control 6 (45-55cm) 19174175 16153340 84.2% 5.75 3.73 
Warming 1 (45-55cm) 24867267 20116318 80.9% 7.46 4.09 
Warming 2 (45-55cm) 26240894 20213517 77.0% 7.87 3.81 
Warming 3 (45-55cm) 22183927 18370879 82.8% 6.66 4.00 
Warming 4 (45-55cm) 19747772 16796376 85.1% 5.92 3.95 
Warming 5 (45-55cm) 12737442 10115066 79.4% 3.82 2.48 
Warming 6 (45-55cm) 18580029 15219345 81.9% 5.57 3.36 
 
Table D-1: Information pertaining to the sequence quality and percent data 
retention for all twenty-four soil community metagenomes from the 5-year 




Experimental plot Soil depth Treatment Est. avg genome size 
Fence 1 15-25 cm Control 6929393 
Fence 2 15-25 cm Control 6699766 
Fence 3 15-25 cm Control 6345230 
Fence 4 15-25 cm Control 6288559 
Fence 5 15-25 cm Control 6130808 
Fence 6 15-25 cm Control 7500976 
Fence 1 15-25 cm Warming 6806590 
Fence 2 15-25 cm Warming 6327260 
Fence 3 15-25 cm Warming 7035674 
Fence 4 15-25 cm Warming 7438793 
Fence 5 15-25 cm Warming 7009593 
Fence 6 15-25 cm Warming 5873189 
Fence 1 45-55 cm Control 4794725 
Fence 2 45-55 cm Control 4785026 
Fence 3 45-55 cm Control 5129050 
Fence 4 45-55 cm Control 5186224 
Fence 5 45-55 cm Control 5014540 
Fence 6 45-55 cm Control 4131485 
Fence 1 45-55 cm Warming 4248245 
Fence 2 45-55 cm Warming 4162469 
Fence 3 45-55 cm Warming 4878232 
Fence 4 45-55 cm Warming 4282672 
Fence 5 45-55 cm Warming 4954275 
Fence 6 45-55 cm Warming 4799293 
 
Table D-2: Estimated average genome size of each sample community 
metagenome as determined with Microbe Census. CheckM is a tool that 
estimates average genome size by normalizing the number of reads matching to 





Figure D-1: Curves representing soil microbial community complexity as 
determined by Nonpareil. Nonpareil is a statistical tool that uses read 
redundancy to estimate metagenome dataset complexity and the amount of 
sequencing effort needed to achieve a desired level of coverage (Rodriguez-R et 
al., 2018). Different plots are shown to compare (a) all 5-year sample 
metagenomes, (b) 15-25 cm sample metagenomes only, and (c) 45-55 cm 
sample metagenomes only. Circles on curves represent the coverage of the 
actual sequencing depth for each dataset in relation to the entire curve 
(projection for complete coverage after the circle). Curves positioned on the right 
represent more sequence diverse metagenomes than curves positioned on the 
left.  




















































































































































































































Figure D-2: Curves representing pairwise comparisons of warmed and 
unwarmed soil communities after 5 years of experimentation at at 45-55 
cm. Each plot shows the differences between warmed and unwarmed samples 
corresponding to the six different fences (i.e., experimental plots). See Figure D-
1 legend for additional details. 



























45−55 cm Fence 1, Control
45−55 cm Fence 1, Warming



























45−55 cm Fence 2, Control
45−55 cm Fence 2, Warming


























45−55 cm Fence 3, Control
45−55 cm Fence 3, Warming



























45−55 cm Fence 4, Control
45−55 cm Fence 4, Warming



























45−55 cm Fence 5, Control
45−55 cm Fence 5, Warming



























45−55 cm Fence 6, Control





Figure D-3: Shifts in the relative abundances of genes involved in the 
catabolism of various organic matter substrates at 15-25 cm. The relative 
abundancess of catabolism pathways was determined by matching Swiss-Prot 
references to Gene Ontology (GO) Biological Process terms, and dividing the 
number of annotations to each pathway by the total number of annotations to 
Swiss-Prot. Bars reflect the mean relative abundance for each sample group 
(unwarmed, warmed) at 15-25 cm (n = 6). Bars represent the standard error of 
the mean. Only pathways that differed between warmed and unwarmed soils by 









































































































































































Figure D-4: Shift in carbohydrate utilization (CAZy) genes as an effect of of 
experimental warming after 1.5 years. Relative abundances of (a) all CAZy 
annotations, and (b) CAZy modules: Auxiliary Activities (AA), Carbohydrate 
Binding (CBM), Carbohydrate Esterases (CE), Glycoside Hydrolases (GH), 
GlycosylTransferases (GT), and Polysaccharide Lyases (PL). Underlying values 
represent the mean relative abundance of each category for warmed vs. 
unwarmed soils.  
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All results: P > 0.1


















Figure D-5: Idependent and additive effects of thaw depth and average 
summer temperature on the relative abundances of cytochrome c oxidase 
genes in 45-55 cm soils. Three-dimentional plots were made using the R 
package ‘Scatterplot3d’ and illustrate relationships between average summer soil 
temperatures, thaw depth at time of sampling, and the abundance of cytochrome 
c oxidase genes (title of each plot reflects the KEGG Ontology identifier, as well 
as the common gene identifier). R function lm() was used to fit multiple variables 
to determine assess their independent and combinatorial effects. Individual data 
points are colored by average summer temperature, which proceed from blue to 
red to reflect low vs. comparatively higher soil temperatures 
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Coefficient Estimate Std. Error t value Pr(>|t|)
(Intercept) 2.82E-04 5.25E-05 5.377 4.46E-04
Temp2012Growingseason -1.01E-05 1.03E-05 -0.978 0.35356
ThawD -6.86E-06 2.75E-06 -2.498 0.03396
---





Figure D-6: Taxonomic assignment and methane generating functions of 
recovered archaeal MAGs. Diagram represents the KEGG reference pathway 
'Methane metabolism' (map00680). Coloration of boxes is used to denote the 
presence of each function in each of the four non-redundant methanogenic 
MAGs (see top key). MAG taxonomic assignment was determined by using The 
Microbial Genomes Atlas (MiGA) webserver (http://enve-
omics.ce.gatech.edu:3000) (Rodriguez-R et al., 2018). The percentage 
accompanying each taxonomic classification reflects the highest AAI (average 
amino acid identity) with a collection of known genome references. 
Methanosarcina barkeri 3 NZ CP009517 (72.95% AAI)
Methanosarcina mazei Tuc01 CP004144 (49.78% AAI)
Methanocella conradii HZ254 NC 017034T (47.68% AAI)





Figure D-7: Shifts in the relative abundances of dominant MAGs at 15-25 
cm after 1.5 and 5 years of experimental warming. MAG relative abundances 
were determined by dividing the number of short-reads matching each MAG at > 
80 bp and > 98% nucleotide identity by the total number of reads used as query. 
Bars reflect the mean relative abundance for each sample group (unwarmed, 











































































* = P-value < 0.05
Smaller but similar shifts after 1.5-years:
